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The paper in a nutshell
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Abstract Machine learning with application to questions in the physical sciences has become a
widely used tool, successfully applied to classification, regression and optimization tasks in many
areas. Research focus mostly lies in improving the accuracy of the machine learning models in
numerical predictions, while scientific understanding is still almost exclusively generated by human
researchers analysing numerical results and drawing conclusions. In this work, we shift the focus on
the insights and the knowledge obtained by the machine learning models themselves. In particular,
we study how it can be extracted and used to inspire human scientists to increase their intuitions
and understanding of natural systems. We apply gradient boosting in decision trees to extract
human interpretable insights from big data sets from chemistry and physics. In chemistry, we not
only rediscover widely know rules of thumb but also find new interesting motifs that tell us how to
control solubility and energy levels of organic molecules. At the same time, in quantum physics,
we gain new understanding on experiments for quantum entanglement. The ability to go beyond
numerics and to enter the realm of scientific insight and hypothesis generation opens the door to
use machine learning to accelerate the discovery of conceptual understanding in some of the most
challenging domains of science.

I. INTRODUCTION intelligence in physical sciences aimed to directly answer
scientific questions, e.g. determine the location of

Machine learning (ML) recently became a widely used  Protein encodings in the genome [14]. Further attempts

/2 [cs.LG] 14 Dec 2020

tool with many applications in the physical sciences
[1], ranging from chemistry (for example, prediction of

quantum chemistry properties [2], solving Schrédinger’s
ecmnation I3l nredictine reactions 4l materials discoverv

to employ machine learning models to obtain insight
and help scientists to develop theories were focused
on rediscovering solutions to already solved problems,
e.g. to rediscover the coordinate transformation in



The paper in a nutshell

Gradient Boosting Regression jon|eraph-based structures

tolidentity features that increase/decrease target properties

A/physical intuition\A

Organic chemistry Quantum optics
Which chemical groups in a compound lead to Which combinations of experimental sub-
changes in certain properties? components can increase/decrease the production

of high-dimensional, multipartite quantum

s entanglement?
sellle

1. better/worse solubility in water vs. octanol.

2. higher/lower HOMO!.

3. other changes in relevant properties of

application-specific data sets, eg
larger/smaller HOMO-LUMO? gap...

design of experiments to probe

— local realism, or for quantum
communication networks

l design of pharmaceutical drugs,
organic solar cells, OLEDs?. ..

' HOMO = Highest Occupied Molecular Orbital
2 LUMO = Lowest Unoccupied Molecular Orbital
3 OLED = Organic Light Emitting Diode



The paper in a nutshell

Gradient Boosting Regression on graph-based structures

tolidentity features that increase/decrease target properties

A/physical intuitmx

Organic chemistry Quantum optics
“The carbonyl group increases “An array of three equal-shift |
solubility in water.” . - holograms increases previously
previously multipartite entanglement.” known
known _

“The amine group lifts the

HOMO to higher levels.” TW.O nonlinear cgstals connected
- via a beam splitter decrease

— multipartite entanglement
“Silole rings reduce the more .
HOMO-LUMO gap.” unusual

contradicts the intuition in the field !

previously
unknown




Workflow for automated hypothesis generation

Graph = any structure that can be represented as
nodes connected by edges.
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All subgraphs are also listed and codified in bit-vectors
using fingerprinting techniques.
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Workflow for automated hypothesis generation

Extended-Connectivity Fingerprints == Also used to fingerprint optical components!

= J. Chem. Inf. Model. 50, 742—754 (2010) g ~N
=
- Numbering of all non-H sites following conventions. e N Human
. Iteratively mapping out structures including neighbours. | £ [ P Interpretation
- Hashing the resulting identifiers into a 32-bit integer. | )
A8 i Interpretable i
A ke AJKA . Ay, hypotheses

ture:

m identifiers Hﬂnm W|th h|gh
A A > significance
A/\/U\A A A

6 Iteration 0 Iteration 1 Iteration 2

7
Features from initial ato
; / 2 A
O 1/\A /\/
/Z\)J\ —
‘>N (o) A
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New features after first iteration
A (0] (0]
: /\)J\
///\\V/JL\A //A\:/JL\N A SN

New features after second iteration
(additional iterations discover no new features)

Gradient Boosting
Regression

Machine

> <ECFP_0> > <ECFP_2> > <ECFP_4> > <ECFP_6>

734603939 734603939 734603939 734603939
1559650422 1559650422 1559650422 1559650422 Database of graphs
: -1100000244 -1100000244 -1100000244 -1100000244 i
) Q 1572579716 1572579716 1572579716 1572579716 and propertles
/\)J\ -1074141656 -1074141656 -1074141656 -1074141656
1 7 ONs 863188371 863188371 863188371

-1793471910 -1793471910 -1793471910
-1789102870 -1789102870 -1789102870
-1708545601 -1708545601 -1708545601

-932108170 -932108170 -932108170
2099970318 2099970318 2099970318
-87618679 -87618679

1112638790 1112638790
-627599602 -627599602



Gradient Boosting Regression

a )
Minimise loss function L (eg least squares) by iteratively c
. . . - ©
minimising the residuals, eg via decision trees. £ s ~ Human
> [ interpretation
T
N/
OLysE N J
hm(2) =y — Fn(2) = ——F7—
OF e
Interpretable
TH hypotheses
with high
(" Gradient ) ﬂﬂm " anif 9
Boosting . Residuals .. Residuals signincance
Regression YA SYAN YA N ,
Ground b _I b 09 L ," }\ /3’
® truth 1 §7¢ 'I &8 '1' 8~--%
Step 1 Step 2 |’ Step 3 , _
Mode p)x p)x p)x Gradient Boosting
(— Residuals, Fo(X) = ¢ + ¢;h;(x) + C,h5(x) Regression

Ref: Cory Maklin, “Gradient Boosting Decision Tree
Algorithm explained”, towardsdatascience.com (May 18, 2019) @ Database of graphs

and properties
e .



http://towardsdatascience.com

Gradient Boosting Regression

Example: determine house price

A

Age Sq.footage Location Price (C k
5 1500 5 e N Human
= interpretation
11 2030 12 E [N/
14 1442 6 \e.. J
8 2501 4 -
1o 1300 9 Interpretable
hypotheses
10 1789 11 ﬂnm with high
, > significance
? ]’ 1. Calculate average: co=688
g
l 2. Calculate first residuals.
)X . ;
Fo(x) = ¢o Gradient Boosting

Regression

Database of graphs
and properties

\e .




Gradient Boosting Regression

Example: determine house price

Age Sgq.footage Location Price Res.1 (C k
5 1500 g N Human
1 2030 = [/ interpretation
14 1442 . Y,
8 2501 -
1o 1300 Interpretable
hypotheses
0 1789 I with high
, > significance
? ! 1. Calculate average: co=688.
g
l g 2. Calculate first residuals.
X . .
Folx) = Co 3. Construct a decision tree from features. Gradient Boosting

Regression

Database of graphs
and properties

\e .




Gradient Boosting Regression

Example: determine house price

Age Sq.footage Location Price Res.1 Pred. e = k
5 1500 5 480 g N | Human_
11 2030 12 1090 = [ P INECHPIEtation
14 1442 6 350 . * Y,
8 2501 4 1310 -
12 1300 9 400 'Eileggtrﬁézz'se
10 1789 11 500 Hﬂnm with high
, > significance
? ! 1. Calculate average: co=688.
g
l g 2. Calculate first residuals.
X . )
FolX) = co 3. Construct a decision tree from features. Grag'eegnrzgggit'ng
4. Fit the data with the decision tree.
Fi(z) = co @1 (z)
Database of graphs
and properties

\e .




Gradient Boosting Regression

Example: determine house price

Age Sq.footage Location Price Res.1 Pred. 4 = k
5 1500 5 480 -208 667 g e Human
11 2030 12 1000 402 739 = [ P INSEREtaSan
14 1442 6 350  -338 654 . Y
8 2501 4 1310 622 /739 e ~N
12 1300 9 400  -288 654 'Eieggtrﬁézzf
10 1789 11 500 -188 669 Hﬂ with high
Has  ignif
, gnificance
! 1. Calculate average: co=688.
l'r'"l"'l' ' ’
g 2. Calculate first residuals.
X . .
Folx) = Co 3. Construct a decision tree from features. Gradient Boosting
- Residuals . Regression
" \? r'ﬁ.’y‘ 4. Fit the data with the decision tree.
,I &8 Fl (CE) = Cp @1 (.’L’)
t cohi( ))X learning rate, c1= 0.1
Caflat , Database of graphs
5. Compute new residuals. and properties

\e .




Gradient Boosting Regression

Example: determine house price

/1

Res. 2

Age Sq.footage Location Price Res.1 Pred.

(
c
5 1500 5 480 @ -208 667 N Human
11 2030 12 1000 402 739 = [ P INSEREtaSan
14 1442 6 350 -338 654 | y
8 2501 4 1310 622 739 - N

12 1300 9 400 @ -288 654 Interpretable

10 1789 11 500 -188 = 669

hypotheses
q with high
-

significance

y

! 1. Calculate average: co=688.
l'r"'I"'I' ' ’
g 2. Calculate first residuals.
X . .
Folx) = Co 3. Construct a decision tree from features. Gradient Boosting
-~ Residuals . , _ o Regression
" ‘3 % ¢ 4. Fit the data with the decision tree.
,I &8 Fl (CE) = Cp @1 (.’L’)
A X learning rate, c1= 0.1
Coti(X) , Database of graphs
... Residuals 5. Compute new residuals. and properties
‘ 4 .
Q. ¥ 6. Repeat 3-5 until convergence. - &

g Ve ’
G
SR ST Y
3
r

>  F.(x) =co+cihi(x) + coho(x) + - - - + crhn(x)

X
+ Cohy(x)



Gradient Boosting Regression for hypothesis generation

“A binary feature vector describing presence/absence of
automatically generated subgraphs is used to train a tree
ensemble method eg Gradient Boosting.”

subgraph 1 subgraph2 subgraph3 ... property
Yes No Yes 1.234
Yes
No Ne 0.456
No Yes No 0.789
No No Yes 1.011
Yes No Yes 1.213

= (Quantification of feature importance

“Feature 1 leads to an increase/decrease of
target property of strength s”

Aggregate features to formulate hypothesis, eg
“The carbonyl group increases solubility in water.

Human
interpretation

Machine
- &

Interpretable
hypotheses
with high
significance

Gradient Boosting
Regression

Database of graphs
and properties

E




Results 1: chemistry

Influence on solubility 1n polar vs.

Influence on HOMO energy
nonpolar molecules

a) b)
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Results 2: quantum optics

- Various experimental setups to engineer high-
dimensional multipartite entanglement.

- 3 photons + 1 photon as a trigger

- Measure of entanglement = size of involved Hilbert space*:
ng = 10g2 (d1d2d3) dz = rank(’]}z- [,0])
a) 8 b) 8
7 7S
o6 o6
c 5 i c 5
4 4
3 3 1
off on
\’ v @ AND NOT&
8 1 8 8 8
7 7 7 7
ob o6 T o6 * o6 *
< g < g < g S
4 4 4 4
3. | 3. | 3 3. |
off on off off on off

a) Negative influence on nq

Nq
wWhUo N

o |,
h

Nq
WhUON®

off
C) Positive influence on ng

Nq
WhUoO~N

off

4 M. Huber and J. 1. de Vicente, Structure of multidimensional entanglement in multipartite systems. Phys. Rev. Lett. 110, 030501 (2013).
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Extend same approach to other areas?

- Identify features (symmetries?) that increase localization of edge modes in topological materials?
- Identify compounds or elements that stabilise certain phases of matter, eg superconductivity?

- Identify laser regimes in ultracold systems that maximise observable readout?

Issues:

- Need for graph-based database.

« Size of the database?

Meta-analysis:

Hyperparameter optimisation to determine which features increase performance for other graph-based
machine learning algorithms, eg neural networks.



