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Recall: Testing a MOF for carbon capture

Experiment: Weeks/Months Computer simulations: Hours/Days

' L | I R ||
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pressure

Molecular Simulation 2013, 39 (14—-15), 1253—-1292.



Where does ML fit in this picture?

pf_s———m S— I:siaula\‘tionl—————g% uptake
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4 pressure




SUPERVISED UNSUPERVISED REINFORCEMENT



Unsupervised
learning

Finding patterns/ 5 5. .
clusters in data S AR
. B mater

“  materials

. % Piezoelectrics
-’& Superconductors

Thermoelectrics

- Photovoltaics - .

%’ Intermetallics

* Orgénic

compounds

- % Quantum
"%« heterostructures

onature

Isayev, O. Nature 2019, 571 (7763), 42—43.



Reinforcement learning

An agent in an environment

§< Rt+1

. S.. | Environment




An agent in an environment

Reinforcement learning

//’

Agent
Metal Orgaﬁié
Topolo NI
P Cluster Linker
l tbo l vi7
l vO
l v125

| =c1 -
Lo L @,é
‘)' ------- seiFiEs

[=C] [C]

i

Generator / Environment
-~ )
©
2
é 5
Update Target «—< |2
FaL
(Reward) g
O :¢
Z) la)
Predictor :
_ B

Majumdar, S; Park, H; Zhang, X; Kim, J; Smit, B. ChemRxiv 2023

Action




Supervised learning

Predicting given some features

Input: reactants-reagents (atom-wise tokenization)

Brclccc2..c(cl)clcec3cdcceecdcdccceecdce3ceclin2-clecec2ce(cl)clecececlin2-clceecccl.CCO.
Cclcceecl.0B(0)clcec2cecc3ceenc3c2nl.cleec([PH](c2cccec2)(c2cceec2)[Pd]([PH](c2cccec?2)
(c2cceec2)c2cecccec2)([PH](c2ccecec2)(c2ceceec2)c2cecccec2)[PH](c2cceeec2)(c2cceec2)c2ccecc2)ccl

EPot k-}

Multi-head attention

Encoder Decoder

Molecular Transformer clccc(-n

...2¢c3ccccc3c3cc(-nd4c5cec(-
cbcec7ccc8cecenc8c7n6)cc5c5ccbe7cccec7c7ccccc7cbee54)ccc32)ccl

Target: most likely products




SUPERVISED UNSUPERVISED REINFORCEMENT

Given Xand Y Given X “Self-learn” in an
Predicting new Y Trying to understand environment
structure in X



SUPERVISED UNSUPERVISED REINFORCEMENT

Given Xand Y Given X “Self-learn” in an
Predicting new Y Trying to understand environment
structure in X



Supervised ML workflow

observations (X, Y)

L _

p features
1

S
kb byl o
2.1 2.1 2.p 2 7
xX“h oxor ... X© Y = >
. . : o]
. . o
n,l n,2 n,p n Z

x™ X" x™ y |

x*

j

MODEL £(X)

predictions L

11



INntro

Learning Objectives:

* How does this module fit into the big picture?
* Different types of ML

» Supervised ML big picture



Cui Cu 0.04746(3) 0.70528(2) 0.5000

Cu2 Cu 0.06207(2) 0.60834(2) 0.5000

Cu3 Cu 0.377374(18) 0.327333(17) 0.145781(12)
Cu4 Cu 0.337355(17) 0.272144(17) 0.196102(12)
01 0 0.11047(12) 0.62203(11) 0.46304(8)

)

02 O 0.09801(12) 0.70448(11) 0.46334(7)
03 0 0.17739(12) 0.81124(11) 0.37594(7)
04 O 0.21888(12) 0.77657(11) 0.33090(7)
05 O 0.27044(11) 0.59561(11) 0.21620(7)
06 O 0.32403(11) 0.56455(10) 0.17643(7)
07 O 0.35334(12) 0.38519(11) 0.17199(8)
08 O 0.32649(12) 0.33741(11) 0.21710(7)

)

09 O 0.14566(12) 0.28556(11) 0.33326(8
010 O 0.10519(11) 0.23780(11) 0.37266(7)
011 O 0.00204(12) 0.30975(11) 0.46366(7)



1. Feeding structures into models

Learning Objectives:

* Need for featurization

* Equivariances/invariances and approaches to incorporate them
* L ocality approximation

» Categorical features

 Examples of descriptors



a I:I\I/ — FW Energies and forces

(single-point)
Regression (“learning’) of

[p2 ? 9 potential-energy surface
9 S Y

= ¢
Qm: = E:/ | A » 2
S “‘Exact”’, but LL]
e == ¢ unknown PES

X (3N dimensional)

( (descriptors)

Construction of a
reference database

g Representation of
atomic environments

Deringer, V. L.; Caro, M. A.; Csanyi, G. Advanced Materials 2019, 31 (46), 1902765.



Inductive
biases and yng
wishlist

We would like to satisfy basic
symmetries. Typically invariance/

supercell.
* translation
* rotation
* permutation
* expansion to supercell * SR

eatne

Additionally, in some cases we R
want , SR
 differentiability
* invertibility ¢ Rotation. ¢ Permutation.

Chem. Rev. 2020, 120 (16), 8066—8129. 16



Three ways to make model symmetry aware

OIO0OO0I

Data Augmentation

Throw data at the
problem and see what
you get!

(Slide adapted from Tess Smidt)

-0.21463
-0.38325
-1.57552
-2.34514
-1.78983

~Invariant Inputs

U

0.97837
0.66317
0.03829

-0.13834
-0.36233

0.33136

-0.70334
-1.05450
-0.29630
-2.36935

. Equivariant Inputs

Convert your data to invariant
representations so the model can't

Coordinates are sensitive to
translations, rotations, and
permutation.

Invariant models
Equivariant models

Make a model that can
naturally handle coordinates
as input (equivariant neural
networks)

17



HDNPP for MOF-5
(Eckhoff and Behler [286])

CO, uptake in MOFs
(Fernandez et al. [220])

atomic property-labeled radial
distribution function

RPA adsorption
energies in zeolites
(Chehaibou et al. [437])

SOAP Bispectrum

Behler-Parinello
symmetry functions

cutoff based
Zernicke

Diversity
analysis using
RACs for MOFs — RACs
(Moosavi et al.
[576])

material descriptors

radial distribution function

(sine)-Coulomb matrix

bag of

distance matrix

bonds

Ewald matrix crystal graph

bulk and shear moduli of pure
silica zeolites and Xe/Kr
selectivity of MOFs (Korolev
et al. [433])

Chem. Rev. 2020, 120 (16), 8066—8129.

Point-Net

assignment
of neighbors

local

global

point-clouds

TDA

quantifying pore
similarity (Lee et al. [237])

coarser calculations

Pore geometry descriptors
(density, pore limiting
diameters)

CO2 uptake in MOFs
(Fernandez and Barnard

mechanical
properties of zeolites (Evans
and Coudert [327])

Locality
approximation

local environment statistics
nearest neighbor based

property-labeled
materials fragments

composition based Identifying metallic MOFs

(He et al. [245])

composition statistics

molecular drawings

images microstructures images

2D diffraction patterns

Henry coefficient methane storage

capacity (Wu et al. [493])

energy grid

hydrogen storage
(Bucior et al. [253])

[478])
18



One of the oldest approaches: Fragment based fingerprints

RER;
/

Indicate presence of

fragment with bit Q G ‘; %\v

%l EEE B

\

_
III
_




Limitation of hard-coded categorical features

One-hot encoding equivalent to bit-fingerprints.

color red green yellow
red 1 0 0

green 0 1 0

yellow 0 0 1
red 1 0 0

What do we do with out blue compound?

20



Symmetry functions

A —

C 0.00 0.00 0.00

C 0.00 1.00 0.00
B 1.00 2.00 0.00

21

Willatt, Musil, Ceriotti, JCP (2019); Bartok, Kondor, Csanyi PRB 2013



Symmetry functions

Willatt, Musil, Ceriotti, JCP (2019); Bartok, Kondor, Csanyi PRB 2013

22



Symmetry functions

Willatt, Musil, Ceriotti, JCP (2019); Bartok, Kondor, Csanyi PRB 2013

<ar\pf§1> — fdfi(arﬂf%\pi)

23



Molecule graph summarization

Create fix-length descriptor by
capturing local correlations of

Molecular graph
molecule graph Jrap

IN]| all

NIl diff _
INT = 131 G = (1)
J

24



Molecule graph summarization

Create fix-length descriptor by
capturing local correlations of

Molecular graph
molecule graph Jrap

[N]| all

(N1, diff _

al®1 = Z Z (i — xpold,; j,2)
J

25



Cheaper surrogate

MOF
Structure

H_-MOF
Energy grid

Volume
Fraction

—

Energy

Historgram

|
I I
——

Energy

Descriptor

Regression
Model

26



1. Feeding structures into models

Learning Objectives:

* Need for featurization

* Equivariances/invariances and approaches to incorporate them
* L ocality approximation

» Categorical features

 Examples of descriptors



2. Training a basic moael

Learning Objectives:

* Supervised ML workflow
* Empirical risk estimate

* Test data



Supervised ML workflow

observations (X, Y)

L _

p features
1

S
kb byl o
2.1 2.1 2.p 2 7
xX“h oxor ... X© Y = >
. . : o]
. . o
n,l n,2 n,p n Z

x™ X" x™ y |

x*

j

MODEL £(X)

predictions L

29



How do we measure progress towards our goal

Goal: Find good function fin function space %

How: Minimize the expected risk of f  R(f) = E,[L(z,f)] = J L(z, /)p(z)dz
Z

However p(z) unknown!

A 1 % Given a finite amount of trainin |
| N | 1 g data, derive a
Fix: Empirical Risk R(f) = n Z L(Zi’f) relation for an infinite domain!
i=1

Selecting the datasets over which to compute the empirical risk is a key challenge!

30



First step: Put aside some test data you do not look at

all data

31



First step: Put aside some test data you do not look at

» A random sample from such a i
datasets might contain no or little top ‘o
performing materials. _ '
'Tc) 4.0 -
« Stratification can be an important Q ’
technique. e _
. e 3.0- -
S
Py
S
0 2.0 2.0
&
2
2
O
= 10- 1.0
d
0— - T T !
0 50 100 150 250

CO,/N,selectivity

log(humber of MOFs)

32



Choose trainable weights that minimize empirical risk

, ‘_9‘ Model ? >‘ pre,dtc‘t\on — >‘ IOSS

L" updo\‘te model po«‘ame‘tef‘s "

33



2. Training a basic moael

Learning Objectives:

* Supervised ML workflow
* Empirical risk estimate

* Test data



3. (Linear) Regression

Learning Objectives:
* Matrix formulation of linear regression

* Recasting non-linear regression in matrix notation by pre-computing features
» Gradient descent




Simple linear regression

One point
y*E & f(x*) = wx* + b
alternative formulation

o
JxF) =x*w =1[1 x*] [Wj

All points
(X)=wX+b

fX)=Xw=|: WO]
L I

000

def Llinear_model(x, w, b):
return np.dot(x, w) + b

36



Single data point

All data points

Multiple linear regression

fX*) =X*w = |1 xf xF ...

f(X)les

1

1

| |

X1 A

n n
%S %)

wWo
Wi

K
Xp :
W

37



How do we find the adjustable parameters w?

For a few models: Closed-form solution @Y

Linear model: “normal equations” error
Project into the column space of X

w= (X"X)" X7y

col (X)

def closed_form(X, y): orthogonal projection will be lowest error
return np.ltnalg. inv(X.T.dot(X)).dot(X.T).dot(y)
X7 (y — Xw) = ()

X'y = X' Xw

Note: There might be issues with invertibility, e.qg., if p > n (only square matrices are)
38



How do we find the adjustable parameters w?

For a all models: Numerical optimization
np.random.normal(size=feature_dim)

Step 1: Initialize and define a loss loss(y, labels):

return np.mean((y - labels) **x 2)

y = linear_model(features, w, b)
loss(y, Llabels)

39



How do we find the adjustable parameters?

For all models: Numerical optimization (Gradient descent)

Step 2: Go downhill

Use the gradient to
decide how to tune
parameters

200 ~

—200 -

—400 -

—600 A

MSE = 328131264.8
y = 198.5%x + -197.8

s o'

2

le8

MSE vs parameter a

1.0 ~

0.8 -

0.6 -

0.4

0.2 -

0.0 ~

-200 -150 -100

-50

0

50

100 150 200

40



How do we find the adjustable parameters?

For all models: Numerical optimization ® e

def loss_wrapper(w, b, data):
features = data[0]

labels = datal1l]

] . y = linear_model(features, w, b)
Step 2: Go downhill return loss(y, labels)

Modern frameworks (e.g., jax)

or languages (e.g., Julia) can loss_grad = jax.grad(loss_wrapper, (0, 1))

automatically compute
gradients (autodiff)!

data = (features, labels)

for 1 1n range(10):
grad = loss_grad(w, b, data)
w -= eta * grad[0]
b -= eta * grad[1]

* Autodiff is not finite differences!
* No need to implement derivatives by hand!

41



How do we classify this data with a linear model?

%

0.51‘—0'0'"

_ ® o
1.0 | ?0 :"r.“g

0.0 — " S
1o 0o —1
y 1 1 X

By computing non-linear features!

(X2 y2 /2xy]

42



3. Regression

Learning Objectives:
* Matrix formulation of linear regression

* Recasting non-linear regression in matrix notation by pre-computing features
» Gradient descent




4. Bias-variance tradeoft

Learning Objectives:
* We can split the error into different contributions: bias, variance, irreducible
* We cannot reduce bias and variance at the same time



irreducible error
@=-@ optimal solution

Error contributions

variance set of functions

45



Overfitting vs. Underfitting

46



How do these error terms depend on the model complexity?

——  Bias —— Variance

Error
— Test Error

Model complexity

47



Model complexity and regularization

Penalize functions
with large parameters

high bias “just right” high variance
2

4

Wo + WX W + WX + WX Wo + WiX + Wox” + wax> + wyx

L =5y, = ¥II3 +A]w]]5

48



4. Bias-variance tradeoft

Learning Objectives:

* We can split the error into different contributions: bias, variance, irreducible
* We cannot reduce bias and variance at the same time

* We can penalize for model complexity with a regularization term



5. Hyperparameters

Learning Objectives:

* Hyperparameter are non-trainable parameters that need to be tuned
* (Nested) Cross-validation can be used to optimize them

» K-fold cross-validation



Hyperparameters

We cannot learn them,
but we need to optimize
them

L =y, = ylI3 +A]w][5

-

»\
¥
\ 4
AL-

51



Recall: First step: Put aside some test data you do not look at

e Using test set = data leakage

» Using train set = biased estimate

all data \ %

test

train

52



Hyperparameter tuning on validation set

Solution: Create one more set, the validation set

train

validation

53



Hyperparameter tuning on validation set

train

validation

54



For small datasets: Build validation set using k-fold cross-validation

Problem with simple split: Pessimistic bias and variance of the error estimate

Doing split only once: High variance
Larger test set reduces the variance, but leads to underestimation (pessimistic bias)

Increasing k increases computational cost

HEEEE
= s [ ] u
L

AR AR R

error error error error error error

mean error =+ error variance




Using k-fold cross-validation for hyperparameter tuning

We test different hyperparameter CV-Score;,
settings

Estimate the error rate using cross CV-5core,,
validation

Then pick the one with the lowest CV-5core;,
error

And only then (when we are done) CV-5core;,

get the error rate on the test set

—

Choose model
with the
lowest CV-Score

56



two-fold holdout split and normal
approximation for confidence interval

#» 10

* * x x x> - x> »* x>
H 1 | a4 § | | »
-] @ ~ & iy ES W N .

k-fold cross-validation and
bootstrapped confidence interval

s | |

[_E . periormance
) estimation

= A
= x _vald train
_ k=5 2 : inner k-fold crossvalidation

[ measuring anfd comparing model o ot i
BESE ENSNE - erformance
Bl EEREEN P little data— nested cross validation
=10 model comparison

inner k-fold crossvalidation
for hyperparameter tuning

k-fold big data — effect size (Crochan's Q)
cross-validation with — little data

holdout set “
model selection (hyperparameter

optimization)

three-fold holdout split ‘big data

train test  validation A B



5. Hyperparameters

Learning Objectives:

* Hyperparameter are non-trainable parameters that need to be tuned
* (Nested) Cross-validation can be used to optimize them

» K-fold cross-validation



6. Kernel learning

Learning Objectives:

* The kernel trick allows us to use the training data as basis

* We do not have to pre-compute non-linearities

» Kernel is a measure of similarity

» Kernel corresponds to infinite feature space (without computing all infinite polynomials!)



Features as basis set

(Non) Linear regression
primal picture

Jflx) = 2 w;b;(x)

b{(x) basis functions

uptake = w, - density
+w, - pore diameter

—w; maximum charge’

Training data as basis set

Kernel regression
dual picture

N
Jfx) = Z wiK(x, xi)

.

@ train example
query

Consider similarity to all training
instances

60



Data base
A
~

“Energies  Structures
/ }/]\ \ Compare current Interpolate energy

| configuration

N to data base
PN Elalk(}paygw)
E ( YO\)
: N ! //—_ \\\ +E2a2k(Y7Cf£~O)
o (,jw) — b =

pox
\

~ 7 —I—oo
— -

;\ —I—ENOéNk(gk kj*ﬁ

M. A. Caro, Arkhimedes 2018, 3, 21.



Examples

Kernel is a notion of similarity, i.e. distance in feature space: S (¥*) = ) aK(x*, x')

=1
Linear basis Radial basis
K(x*, x) = (x*, x.) K(x*,x)) = exp (—7llx* — x13)
1

5! X 2

e ‘.

........ x®

................ ‘ ' x3

62



6. Kernel learning

Learning Objectives:

* The kernel trick allows us to use the training data as basis

* We do not have to pre-compute non-linearities

* Kernel is a measure of similarity

* Kernel corresponds to infinite feature space (without computing all infinite polynomials!)



/. Feature importance

Learning Objectives:
* Motivation for explainable ML
* Permutation feature importance



Motivation
Debugging models

- y 3
- p

(d) Bird - 100%, Person - 39%

https://bdtechtalks.com/rise-explainable-ai-example-saliency-map/

(b) Importance map of ‘sheep’

(e) Importance map of ‘bird’

(c) Importance map of ‘cow’

(f) Importance map of ‘person’

65



Motivation

Chemical insights into system

Cu(1) macrocycle

b
TR S e
P g PR .,.
e Y W= T g,

| 1 [ l
-0.15 0.1
SHAP value

Cu() paddle wheel

Square pyramidal CN 5 oo ==
Linear CN 2 o ame
Bent 150° CN 2 e o
Trigonal bipyramidal CN 5 sonn o am
Weight CN 2 o ®
| I I
-0.15 0.1

SHAP value

66



Permutation feature importance

0. Build the model

1. Estimate the model error

2. For each feature j=1,..,p:

- Generate permuted feature matrix for feature ())

- Estimate the error with permuted features

 Get the the performance difference

bl bbb
21 2.1 2.p )
X X el X _ A A
X=1". . e y Yur = SX), L, V)
xn,l xn,l o xn,p yn
orig __ A
€ g — Sf(ya yML)
B % x
yperm _ |1 x>V L xPP
j P
1 xmb o ox® L xMP
erm erm
P = 2(y, faPT)
erm ori
ejp — ej 5

67



Might generate unreasonable data points

height

weight

Permutation feature importance

worst concave points -
mean concave points
worst texture -

radius error 1

mean texture -

mean compactness -
area error -

worst concavity A
mean radius
compactness error -
worst smoothness -
mean area -

mean perimeter -
smoothness error -
concavity error
perimeter error -
symmetry error
worst radius -

worst area -

mean symmetry -
worst perimeter -
mean concavity A
worst symmetry
concave points error -
texture error -

mean fractal dimension -
fractal dimension error -
mean smoothness -
worst compactness

worst fractal dimension -

O O

I —

—

0.000 0.002

0.004

0.006

0.008

0.010

0.012

Importance of correlated features might be split

68



/. Feature importance

Learning Objectives:
* Motivation for explainable ML
* Permutation feature importance



8. Feature Selection

Learning Objectives:

* Curse of dimensionality: No locality in high-dimensional spaces
* Filter heuristics
 LASSO



No locality in high dimensions

1 /dimensionality

edgelength = fraction of space

edge length

0.0 0.5 1.0
unit cube fraction of space

Methods that are based on similarity (kNN/KRR) might fail in high dimensional spaces!

We want to reduce the dimensionality of our feature matrix!

Domingos, P. A Few Useful Things to Know about Machine Learning. Communications of the ACM 2012, 55 (10), 78..

/1



* Easy and cheap

‘ Interaction effects are not considered

Feature
Selection:
Filter
Methods

correlation threshold variance threshold

20

O high correlation © low correlation _
low variance

15

high variance
10

72



O
O

Feature
Selection:
Wrapper
Methods

Uses a good surrogate of the
real objective

/

\ 2 ‘ Expensive

—_

For example recursive feature addition or elimination

1 2 3 p 1 2
3 x5 x5 --- x5 | generation |z} 2
1 2 3 D
x, I, I, T
full design

not fulfilled




The basic problem: Best subset selection

Feature :
Selection: min [|y — XB[|% subjectto [|Bllo <k lI5llo = ;1{@- # 0
Relaxi ng But this is our hard problem (NP hard) ...

best subset the Lasso gives Use sparsty as the mo feasible approximation to &
selection e ol

— ~ \ \ - ~ O~~~
— Bl least square solution argming (y — x6)? /\ B least square solution argming (y — x0)?
0 _\ mmm Ridge constrain region 6% + 63 < ¢ _ B L asso constrain region [|61]| + [|02]] < ¢
/ \/
_5
Sy
_10 -
_15 -
—2 0

Hastie, T.; Tibshirani, R.; Wainwright, M. Statistical Learning with Sparsity: The Lasso and Generalizations; Monographs on statistics and
applied probability; CRC Press, Taylor & Francis Group: Boca Raton, 2015. 74



subset
of

Featu re features
SeIeCtlon : primary features = {r,,rg,n,,n,,...} R={+,—,- exp,lg,~! %’ ,\/:H |}
LASSO in

(SI) +Lasso

primary features > billions of feature candidates

- — rx rA/TB
t \/E T=——"Ny (nA )
practice rs + 1 >
— 40 i ® perovskite — 30)- ® perovskite
O. 35 7 : nonperovskite - O nonperovskite
- i vy predicted perovskite | predicted perovskite
! 30“ g ) predicted nonperovskite || I 25 il predicted nonperovskite

-

Counts within +/
= S N

Ul

A
A AA QLA @ A4

2 4 6 8 10 12

t

.
0.825 < t < 1.059 — perovskite r < 4.18 — perovskite
/4% accuracy 92% accuracy

Ghiringhelli, et al. Phys. Rev. Lett. 2015, 114 (10), 105503.
Ouyang, R.; et al. Phys. Rev. Materials 2018, 2 (8), 083802.
Bartel, C.; et al., M. Sci. Adv. 2019, 5 (2), eaav0693.



8. Feature Selection

Learning Objectives:

* Curse of dimensionality: No locality in high-dimensional spaces
* Filter heuristics
 LASSO



9. Feature Projection

Learning Objectives:
* Principal component analysis, --SNE: Principles and pitfalls
* Projecting high dimensional data into a lower dimensional space



Feature Projection: Projecting High-Dimensional Data

Mean-subtracted faces
Person1 Person 2 Person3 Person k

Eigenfaces:
Principal Component
Analysis on face

images to get “basis Linear vem X
vectors” of face combination l 1 1 face>
image space of basis i
vectors | | | ‘
X = X4 x|k2 . xl,“ ...... x‘,,,
JJ ¢ NJJ @

\ N

PCA u! E IE“E many faces
. . !!5
Find basis
vectors i

\ \ \ N
’l ’1 ’1 FF’,\ ;l

A
pixels
A

AP A7l IR,k Ya ™ im BB

Navarrete, P.; Ruiz-Del-Solar, J. Int. J. Patt. Recogn. Artif. Intell. 2002, 16 (07), 817—-830.



PCA Intuition ol

Finding the line that captures o |
most of the variance, i.e.,
maximum decorrelation




Caveats with PCA

Non-linearity Higher variance feature is not more
discriminative

Feature 2

Feature 2

- Data is linearly uncorrelated
- But there is still a non-linear dependence

Feature 1



Other member of dimensionality reduction zoo

t-distributed stochastic neighbor embedding (-

Linear Discriminant Analysis (LDA) SNE)
* Non-linear
x X y - Conditional probabilities that represent
bad projection x X X xx % % : I t
oem o similarities | |
XX X X X + Sensitive to perplexity (number of neighbors)
. X xx
‘.i'at-"-"a oo i.' -
e ; . & " ,; .« %
good projection: separates classes well b ";;ﬂ 2
Original Perplexity: 2 Perplexity: 5 Perplexity: 100
Step: 5,000 Step: 5,000 Step: 5,000

- math like for PCA
* maximizing component axes for class
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Wattenberg, et al., "How to Use t-SNE Effectively", Distill, 2016. Talk by Laurens van der Maaten: https://bit.ly/2RaFJlw


https://bit.ly/2RaFJIw

9. Feature Projection

Learning Objectives:
* Principal component analysis, t-SNE: Principles and pitfalls
* Projecting high dimensional data into a lower dimensional space



10. Feature Learning

Learning Objectives:

* Multiple layers with non-linearities can act as universal function approximations
* Intermediate layers learn predictive representations

* Symmetry of problem guides architecture choice



Neural Networks:
Representation learning W

W21
I2 | > ‘ W2
W22

transform in tanh(Wx+Db):
representation - rotate (W)

such that it is linearly hidden layer, e.g. tanh - Translate (b)

separable + point-wise application of tanh
\ /
\ /
\\\ //’
N\ /
\ / '
\C . "”?a‘g'
\\ /’ g::{:‘::’o‘

Goodfellow, I.; Bengio, Y.; Courville, A. Deep Learning. The MIT Press: Cambridge, Massachusetts, 2016.
LeCun, Y.; Bengio, Y.; Hinton, G. Nature 2015, 521 (7553), 436—444.
http://colah.qgithub.io/posts/2014-03-NN-Manifolds-Topology/
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http://colah.github.io/posts/2014-03-NN-Manifolds-Topology/

The right architecture for your symmetry

Arrays 2D images Text
= Dense NN = Convolutional NN = Recurrent NN
A I |
i
<= —] |
\ 4
i
\ 4 —> —_—
!
Components are The same features can be Sequential data. Next input/
independent. found anywhere in an image. output depends on input/
Locality. output that has come before.
3D physical data

= Euclidean NN Q /\
Data in 3D Euclidean space. G Q

(Slide adapted from Tess Smidt) SN

Graph
= Graph (Conv.) NN

Non-Euclidean data. Nodes
have features and network
passes messages between
nodes connected via edges.
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10. Feature Learning

Learning Objectives:

* Multiple layers with non-linearities can act as universal function approximations
* Intermediate layers learn predictive representations

* Symmetry of problem guides architecture choice



Applications

Learning Objectives:

* ML “force fields”

* ML for efficient sampling

* Using natural language processing for
materials discovery



Machine
learned force
fields

High accuracy for long time
scales and/or large
systems

ML potentials are close to

being a “"commodity”
technique

Chem. Rev. 2021, 121, 16, 10142-10186

Reaction coordinate 2
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U n S U pe rVI Sed ferromagnetic-NiFe + IrMn =~ antiferromagnetic
word

b dd - single layer NN s trained to Projection of embeddings onto
em e I ngs predict all context words for the two dimensions (t-SNE).

given target word.

Input layer Output layer Context word > . |
(one-hot) (softmax)  probability ATy Piezoelectrics
>
: 0 , > ' cathodes ~
How do | turn off this 0 5 Hidden layer s'%; Superconductors
e (linear) y i
L] feat Send 8 0 > I electrochemical Z
g {o— oo Sarer
L thi
0 0 > lthln K Thermoelectrics
0 0 TR gie
8 0 > — properties Photovoltaics
.IQ‘.‘"
Q W E R T Y U | O P : 8 i N e ‘%‘? Intermetallics
B rgani H
. : ' cofgnpo%nds
0 : : "
LiC002 0 neurons . ' :
AISIDIFIGIH]JIK]L , g -
LiMn204 e - magnetic & S:ti?(t)ztt?uctures
500,000 500,000 %
vocabulary words neurons

for similar words the context
words are the same

Tshitoyan, V.; et al.. Nature 2019, 571 (7763), 95.
Perspective: Isayev, O. Nature 2019, 571 (7763), 42—43. 89



Unsupervised
word
embeddings

Embeddings can also be used for
predictions.

- Top ten predictions even
slightly higher than known
average

- Better rank correlation with
experiments than DFT

Cosine similarity to
'thermoelectric’

1.  Bi,Te, v
2. MgAgSb v
3. PbTe v
v
326. Li,CuSb ?
v
328. In,Te, v
v
345. Cu;Nb, O 7
v

v" Known thermoelectrics
? Predictions
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Applications

Learning Objectives:

* ML “force fields”

* ML for efficient sampling

* Using natural language processing for
materials discovery



