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Penetrates Earth's
Atmosphere?

Radiation Type i Microwave Infrared Visible Ultraviolet  X-ray Gamma ray
Wavelength (m) 1078 10712

Approximate Scale 4 E
of Wavelength 1 - _£

Buildings Humans Butterflies Needle Point Protozoans Molecules Atoms  Atomic Nuclei

Frequency (Hz)

104 108 10™ 10%° 10 10% 107°

Emperature of
objects at which
this radiation is the
most intense

)

wavelenath emitied 1K 100 K 10,000 K 10,000,000 K
Y =272 °C -173 °C 9727 °C ~10,000,000 °C
Y=ehERIE
10-400 meV
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The discovery of chemical reactions is an inherently unpredictable
and time-consuming process'. An attractive alternative is to predict
reactivity, although relevant approaches, such as computer-aided
reaction design, are still in their infancy’. Reaction prediction based
on high-level quantum chemical methods is complex’, even for
simple molecules. Although machine learning is powerful for data

H[EGlasgowXZL. Cornin Bt
Nature 2018, 559, 377

Controlling an organic synthesis robot with
1 machine learning to search for new reactivity

Jaroslaw M. Granda', Liva Donina', Vincenza Dragone', De- Liang Long' & Leroy Cronin'*

~

pool of reagents and with bits representing reagents that were present
in a given reaction mixture to one, similarly to one-hot encoding.
Figure 1d shows example vector representations for the model sub-

strate pool consisting aniline, benzaldehyde, acetyl chloride, phenyl
hydrazine and furan,
“This approach to representing chemical space renders it structure.

analysis®?, its in y are still being ped®.
Inspired by strategies based on chemists’ intuition”, we propose that
a reaction system controlled by a machine learning algorithm may
be able to explore the space of chemical reactions quickly, especially
if trained by an expert”. Here we present an organic synthesis robot
that can perform chemical reactions and analysis faster than they
can be performed manually, as well as predict the reactivity of

20 Classified as reactive

Sk

15 i . s possible reagent combinations after conducting a small number of
> EA\_'Z *1 thus iy navigating chemical reaction space.
~ =] By using machine learning for decision making, enabled by binary
ding of th ical inputs, b
time using nuclear magnetic and infrared

" and allows the robotic platform to operate without prior
Kknowledge about reactivity and chemical structure (Fig. 2). Initially,
the chemical space was sampled by performing reactions with ran

dom combinations of starting materials, evaluating their reactivity as
reactive or non-reactive using the SVM model (to determine expected
values of reactivity, ¥) and encoding them in vector form (to obtain a
training set, X). The process of random selection is important because
the system avoids making prior assumptions about the possible reac

tivity of the reagents, ensuring that the initial run results are unknown.
Even if the reaction mixture decomposes or is non-reactive, this infor

mation is still useful for the navigation of the chemical space, allowing

The machine learning system was able to predict the reactivity of
about 1,000 reaction combinations with accuracy greater than 80
per cent after considering the outcomes of slightly over 10 per cent of
the dataset. This approach was also used to calculate the reactivity of
published datasets. Further, by using real-time data from our robot,
these predictions were followed up manually by a chemist, leading
to the discovery of four reactions.

real-time of the reactivity of the starting materials, After
the reaction database has been built, a linear discriminant analysis
(LDA)"™ model is trained on the data obtained to construct a model
of the chemical space. The remaining reactions are then rated by pre-
dicting the probability of reactivity using the LDA model. This allows
for autonomous decision making, and the reaction with the highest
score is performed and analysed by the robotic system, thus avoiding
many non-reactive combinations and speeding up the search. The loop

S (p.p-m.)
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Distilling Free-Form Natural Laws from Experimental Data

Science 03 Apr 2009:
Vol. 324, Issue 5923, pp. 81-85
DOI: 10.1126/science. 1165893

Physical System Schematic Experimental Data Inferred Laws 1&* %HA;D S n
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Proceedings of the
National Academy of Sciences
of the United States of America

Learning atoms for materials discovery

Quan Zhou, Peizhe Tang, Shenxiu Liu, Jinbo Pan, Qimin Yan, and Shou-Cheng Zhang

PNAS July 10, 2018 115 (28) E6411-E6417; first published June 26, 2018; https://doi.org/10.1073/pnas.1801181115
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Table 2: Overall ~OH and C=0 recognition accuracies and error rates (in parentheses) using IR, Raman, and combined

(IR+Raman) spectra.

IR Raman IR+Raman
~OH | 98.50% (1.50%) | 98.58% (1.42%) | 99.36% (0.64%)
C=0 | 98.04% (1.96%) | 95.49% (4.51%) | 98.50% (1.50%)

O Sad/MiAE, BFHERBIERER (30~60%)
O IRaNSEEAR EL)\ £FIE, MRHEEMEE (NMR? XAS? )

O LSTMXIRRAIENIAEUR:, T AEERE? (Transformer *I‘%?jjrn%U)

O QM9/GDB17 M= i AFEN D+, NEINEREHIT (FRFIF
F=xy)

26/30



=TraERE#EEER

O e mEFES, ORRMHEX

a BDE C Feature Importance by Random Forest
r=0.965 Il BDE W Length
120 4{ MAE=1.233 kCal/mol D %E'L/t SF * ILJ\ I\i
H
=< 100 1
T \Y 4
O frams: FESHIA
E 80 1
: FIR: BT DHEEREFR
. | . O 'f‘t%{lﬁg . BFohmEE ST
60 80 160 léO | | ! | i !
DFT (kcal/mol) 0 0.5 1.0

i O IRemESEEX R
g o i O I SHEaeEX S

1.000 / .
o - -
o
200 - -
0.975 1 o Train - -
Test
0

0_9;75 1.0'00 1,(525 =10 =5 0 5 10 -0.002 -0.001 0.000 0.001
DFT (A) BDE (kCal mol-1) Bond Length (A)

ML (A)

Guo, S.; etal. Ren, H.; and Jiang, J. in preparation.

27/30



Thisisaw

based ont
network rr

backend.

A Demo of LSTM Carbonyl Group Recognition

We can predict the presence of carbonyl groups in chemical structures

7

Please upload a IR/Raman spectral file, support ".npy".
Download example data

Select Data File

| |

IR Spectrum

Intensity
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Wavelength/cm ™t

Results

Raman Spectrum Prediction

Intensity

The model predicts no carbony!
group in the structure.

1000 1200 1400 1600 1800 2000
Wavelength/cm ™
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Bl -OH stretch IR

Bl -C=0 stretch IR
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