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Quick recap: An example of entire ML process in action

Fe Co Ni Cu Ru Rh Pd Ag Ir Pt Au
Fe -0.92 -0.96 -0.97 -1.65 -1.64 -2.24 -1.87 -2.4 -3.11
Co -1.37 -1.23 -2.12 -2.82 -2.53 -2.26 -3.56
Ni -0.33 -1.18 -1.92 -2.03 -2.43 -2.15 -2.82 -3.39
Cu -2.42 -2.49 -2.67 -2.89 -2.94 -3.82 -4.63
Ru -1.11 -1.04 -1.12 -1.41 -1.88 -1.81 -1.54 -2.27
Rh -1.42 -1.32 -1.51 -1.7 -1.73 -2.12 -1.81 -1.7 -2.18 -2.3
Pd -1.47 -1.29 -1.29 -1.03 -1.58 -1.83 -1.68 -1.52 -1.79
Ag -3.75 -3.56 -3.62 -3.8 -4.03 -3.5 -3.93 -4.51
Ir -1.78 -1.71 -1.78 -1.55 -2.14 -2.53 -2.2 -2.11 -2.6 -2.7
Pt -1.71 -1.47 -2.13 -2.01 -2.23 -2.06 -1.96 -2.33
Au -3.03 -2.82 -2.85 -2.89 -3.44 -3.56

Fe Co Ni Cu Ru Rh Pd Ag Ir Pt Au
Fe -0.78 -1.65 -1.64 -1.87
Co -1.18 -1.17 -1.37 -1.87 -2.12 -2.82 -2.26
Ni -0.33 -1.18 -1.17 -2.61 -2.43 -2.15 -2.82
Cu -2.42 -2.89 -2.94 -3.88 -4.63
Ru -1.11 -1.04 -1.12 -1.11 -1.41 -1.81 -2.27
Rh -1.42 -1.51 -2.12 -1.81 -1.7
Pd -1.29 -1.29 -1.03 -1.58 -1.83 -1.52 -1.79
Ag -3.68 -3.8 -3.63 -4.51
Ir -2.14 -2.11 -2.7
Pt -1.71 -1.47 -2.13 -2.01 -2.23 -2.06
Au -2.86 -3.09 -2.89 -3.44 -3.56

Fe Co Ni Cu Ru Rh Pd Ag Ir Pt Au
Fe -2.17 -3.11
Co -1.17 -1.37 -2.12
Ni -0.33 -1.18 -2.61 -2.43
Cu -2.42 -2.29 -2.49 -3.71 -4.63
Ru -2.02
Rh -1.32 -1.73 -2.12
Pd -1.94 -1.83 -1.97
Ag -3.75 -3.68 -4.51
Ir -1.78 -1.71 -2.7
Pt -2.13
Au -3.09 -2.89

training sets (75%)
test sets (25%)

training sets (50%)
test sets (50%)

training sets (25%)
test sets (75%)

gradient boosting
w/ 6 descriptors

gradient boosting
w/ 6 descriptors

gradient boosting
w/ 6 descriptors

100 times 
mean RMSE: 
0.153 / eV

100 times 
mean RMSE: 
0.235 / eV

100 times 
mean RMSE: 
0.402 / eV



Our goal here is the following machine learning.

ML model
Inputs Outputs

9 features (host metal) from Table 3  
+  

9 features (guest metal) from Table 3

the value at Table 1 
for the host and guest metal

9 + 9 = 18 numbers 1 number

[ 8, 2.66, 26, 55.85, 4, 1.83, 7.90, 247.3, 7.87, 
 11, 2.67, 29, 63.55, 4, 1.90, 7.73, 203.5, 8.96]

-1.05



Ignoring all problem-specific data preparation...

ML model
Inputs Outputs

9 + 9 = 18 numbers 1 number

[ 8, 2.66, 26, 55.85, 4, 1.83, 7.90, 247.3, 7.87, 
 11, 2.67, 29, 63.55, 4, 1.90, 7.73, 203.5, 8.96]

-1.05

"machine learning" part is only here!



https://scikit-learn.org/stable/
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Aug 26: 13:00~14:30 (90min)

1. What is "machine learning"? 
2. Why does it matter to chemists? 
3. Let's try it in your browser (with no setup!)

4. Five things all beginners should know 
• "The quality of your inputs decide the quality of your output" 
• Training / validation / test data 
• Tuning hyperparameters  
• Identification and design of input variables (or "descriptors") 
• "Correlation does not imply causation" 

5. Standard pipeline and deep learning 
6. Current efforts and future directions
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• Choose the right framing for inputs and outputs of problem  
Some unknown but coherent relationship is required  
between inputs and outputs. 

• Collect the good training data 
• Assess the quality of data (quality control) 
• Choose the relevant representation for inputs 
• Choose the right algorithm for ML  

ML approximate an unknown underlying mapping function 
from inputs to outputs. 

• Choose the right algorithm configuration 
• Test thoroughly whether the ML prediction works well

Because it requires expertise about ML and the target problem.

Why applied ML is so challenging?



Inputs Outputs/Predictions

ML Training data

• The computer sees only the data you give it 
• “ML is interpolating the training data” means that when the 

training data is poor-quality or very biased, so is the ML 
prediction no matter what state-of-the-art ML method is used. 

• In other words, “data-driven” means that prediction is defined 
by the data itselves in the first place. All other factors, including 
what ML models should be used, are secondary issues. 

• A first key to success is collecting good training data. 

Remember the quality of your inputs decide  
the quality of your output.



{(x1, y1), (x2, y2), . . . , (xn, yn)}
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Computer programs

Inputs Outputs

Training data

“Garbage in, garbage out”
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Computer programs

Inputs Outputs

Training data

• The curve seem good 
representative of the 
training data? 

• Sufficient number of 
data

“Garbage in, garbage out”
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Computer programs

Inputs Outputs

Training data

• The curve seem good 
representative of the 
training data? 

• Sufficient number of 
data

• What you you think 
about this case? 

• So so, but too early to 
say something due to 
the small number of 
data?

“Garbage in, garbage out”



{(x1, y1), (x2, y2), . . . , (xn, yn)}
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Computer programs

Inputs Outputs

Training data

• The curve seem good 
representative of the 
training data? 

• Sufficient number of 
data

• What you you think 
about this case? 

• So so, but too early to 
say something due to 
the small number of 
data?

• Hopelessly invalid 
• No correlation observed 

between inputs and 
outputs 

• Problem is the data, not 
the curve form

“Garbage in, garbage out”



EDA: Exploratory data analysis

• The first thing to do is always to carefully look at your data 
• Check your data with basic descriptive stats and visualization.

pandas
+ matplotlib



EDA: Exploratory data analysis



EDA: Exploratory data analysis

seaborn
plotly



EDA: Exploratory data analysis

seaborn
plotly
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(A) (B) 

It seems that the prediction errors of (B) are even much 
smaller than (A)…

But how can we evaluate the ML prediction?

How can we quantitatively know that curve fitting (A) is 
good but (B) is bad?



(A) (B) 10
20

4
8

Apply ML to the remaining training data, and obtain the prediction curve.

(A) (B) 10
20

4
8

Training data and test data

We randomly hold out some (say 1/3) of the data as the test data.



(A) (B) 

Large 
error!Still small error!

The performance evaluated by training-test split

Test how the predictions by curve are accurate using the test data 
held out.



(A) (B) 

Large 
error!Still small error!

The performance evaluated by training-test split

Test how the predictions by curve are accurate using the test data 
held out.



(A) (B) 

Large 
error!Still small error!

• The performance of ML should be measured by the “test error”. 
• Note that making the training errors zero is easy.  

Just memorize the training data. 
• In well-posed situations, the test errors are always larger than the 

training error. 
• Ideally, both training errors and test errors are small.

The performance evaluated by training-test split

Test how the predictions by curve are accurate using the test data 
held out.



Example:

Let's teach "addition" by machine learning.

1 + 3 
2 + 5 
5 + 9 
3 + 10 
5 + 6

= 4 
= 7 
= 14 
= 13 
= 11

The model gives perfect 
answers that we taught.

ML 
model(1, 3) 4



Example:

Hey my A.I. learned "addition" only by 5 examples!
ML understood 
1 + 3 = 3 + 1 = 4 
2 + 5 = 5 + 2 = 7 
5 + 9 = 9 + 5 = 14 
3 + 10 = 10 + 3 = 13 
5 + 6 = 6 + 5 = 11

ML gave perfect 
answers for unseen 
problems!

Cool!



What if we change the model?

The model gives perfect 
answers that we taught.

But ...

Seems totally wrong for 
unseen ones...



What if you try some "deep learning" here?



Training data

Validation data

Test data

{(x1, y1), (x2, y2), . . . , (xn, yn)}
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Computer programs

Inputs Outputs

Available data

Used for "model training (fitting)"

Used for "hyperparameter tuning" 
(or "model selection")

Used for evaluating the prediction 
performance

Training / validation / test split



{(x1, y1), (x2, y2), . . . , (xn, yn)}
<latexit sha1_base64="7AHjj7VQQcP09rBzk8BZaX/foH0="></latexit><latexit sha1_base64="7AHjj7VQQcP09rBzk8BZaX/foH0="></latexit><latexit sha1_base64="7AHjj7VQQcP09rBzk8BZaX/foH0="></latexit><latexit sha1_base64="7AHjj7VQQcP09rBzk8BZaX/foH0="></latexit>

Computer programs

Inputs Outputs

Available data

Cross validation

subset-1, subset-2, subset-3, ..., subset-k

Training data Test data
subset-1All except subset-1
subset-2All except subset-2

subset-kAll except subset-k

... ...

Try:



Cross validation



Computer programs

Inputs Outputs

Cross validation (double/nested cross validation)

Try: Training + validation data Test data
subset-1All except subset-1

subset-a, subset-b, ...
training data
all except subset-a subset-a

validation data

{(x1, y1), (x2, y2), . . . , (xn, yn)}
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Available data

subset-1, subset-2, subset-3, ..., subset-k

...

...



Cross validation (double/nested cross validation)
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Many models have hyperparameters to be tuned

The default values 
often not appropriate 
for your problem



Parameters vs Hyperparameters

When we try to fit polynomial functions:

Parameters:
Hyperarameters:

(coefficients)
(order of polynomials)

Hyperparameters are not 
tuned in the training process. 
(we need to specify it beforehand 
  properly)



Inputs Outputs
ML modelx
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A function               best fitted to  
a given set of example input-output pairs 
(the training data).
�
(x1,y1), (x2,y2), . . . , (xn,yn)
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interpolative 
prediction

(High-dimensional)

HighLow Model Complexity

Underfitting 
(High bias, Low variance)

Overfitting 
(Low bias, High variance)

"The bias-variance tradeoff"

The training data

f(x;✓)
<latexit sha1_base64="33zlDWOHXmZvZwuGF4JM5OwSths="></latexit>

extrapolative 
prediction

(Supervised) machine learning



%JFSFOU�NPEFMT
• Different models uses different forms of fitting functions 
• Remember that high-dimension can be counter-intuitive



$POUSPM�UIF�NPEFM�DPNQMFYJUZ�QSPQFSMZ
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Seemingly the test data is enough also to determine which 
hyperparameters are good, but ...

training data
test data model 1

model 2

The model 2 performs better over "test data", but this would 
be sort of cheating (called "data leakage")

If we have other "test data", we can detect this fallacy, but if 
we conclude here, it doesn't make any sense.
https://en.wikipedia.org/wiki/Data_dredging

https://en.wikipedia.org/wiki/Data_dredging
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Training data

Validation data

Test data

{(x1, y1), (x2, y2), . . . , (xn, yn)}
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Computer programs

Inputs Outputs

Available data

Used for "model training (fitting)"

Used for "hyperparameter tuning" 
(or "model selection")

Used for evaluating the prediction 
performance

Training / validation / test split
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When can (or should) we use ML?

In the 'addition' example, 
the ML version has no practical advantages...

my_add / ml_add

Inputs Outputs

accurate, fast inaccurate, not that fast 

• Too unclear to be explicitly modeled 
• Too complicated to be explicitly modeled 
• Very time-consuming



Variable identification is very important!

ML_model
Inputs Outputs

• Too unclear to be explicitly modeled 
• Too complicated to be explicitly modeled 
• Very time-consuming

The prediction is made 
directly by the outputs 
of the function defined 
on chosen variables. 

If you want ML to take into accout 
some factors or effects, you need 
to input some variables having the 
relevant information!

!

https://en.wikipedia.org/wiki/Omitted-variable_bias

https://en.wikipedia.org/wiki/Omitted-variable_bias


Many "molecular descriptor" developed

���NPSF�UIBO������EFTDSJQUPST
%3"(0/����
�����EFTDSJQUPST

• Quantitative Structure–Property Relationship Modeling of Diverse Materials 
Properties. Chem. Rev., 2012, 112 (5), pp 2889–2919

• Descriptors 
• Descriptors3D 
• GraphDescriptors 
• Fingerprints 
• ChemicalFeatures 
• ChemicalForceFields

rdkit.Chem

rdkit.ML.Descriptors

https://github.com/SINGROUP/dscribe



Feture engineering is also very influential
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"Correlation does not imply causation"

Generic Object Recognition

Speech Recognition

Machine Translation

Super-Resolution Imaging

AI Game Players

“ありがとう”

J’aime la 
musique I love music

Machine learning finds any input-output correlation in high 
dimensions. And this does not directly mean any causation.  
For example, current machine learning can solve those accurately, 
but it doesn't mean we understand the underlying process.



Heights and weights of  
Japanese professional baseball players 
(handmade from 2016 website data)

This would imply “Taller 
players tend to be heavier”

H
ei

gh
ts

Weights

But NOT necessarily 
imply “gaining weights 
cause tall heights”

This is our domain knowledge. 

We CANNOT know this from 
only given observational data.

Stats 101 “Correlation does not imply causation”

https://en.wikipedia.org/wiki/Correlation_does_not_imply_causation 
https://en.wikipedia.org/wiki/Spurious_relationship 
https://en.wikipedia.org/wiki/Illusory_correlation 
https://en.wikipedia.org/wiki/Post_hoc_ergo_propter_hoc

https://en.wikipedia.org/wiki/Correlation_does_not_imply_causation
https://en.wikipedia.org/wiki/Spurious_relationship
https://en.wikipedia.org/wiki/Illusory_correlation
https://en.wikipedia.org/wiki/Post_hoc_ergo_propter_hoc


One of the most prestigious medical journal with IF(2016) 72.406!

N Engl J Med 2012; 367:1562-1564



http://phenomena.nationalgeographic.com/2015/09/11/nick-cage-movies-vs-drownings-and-more-strange-but-
spurious-correlations/

Cannot get causation from observational data only



an unknown 
mechanism

• Theory-driven (rational, deductive) approach

• Data-driven (empirical, inductive) approach

Whether or not theory is correct can be validated

observations 
(data)

observations 
(data)

observations 
(data)

Function is best fitted to data by tuning parameters

Related factors 
and their states

The interest of science

Related factors 
and their states

Related factors 
and their states

Ideally, the smallest number 
of dominant factors

All potentially related factors  
(the number can be very large 
as long as they are sensible)

...

An explicit model 
from first principles

A versatile unfixed function 
that can take a variety of forms 

by tuning parameters



When can (or should) we use ML?

ML_model
Inputs Outputs

• Too unclear to be explicitly modeled 
• Too complicated to be explicitly modeled 
• Very time-consuming

Some words by David Hand at KDD2018@London:

• Theory-driven models can be wrong 
• But data-driven models cannot be wrong or even right. " 
• Data-driven are not trying to describe an underlying reality. 
• But are merely intended to be useful. # 
• So they could be poor or useless, but not wrong
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Standard pipeline deep learning

ML_model
Inputs Outputs

tabular data  
with hand-crafted variables

raw signal data containing  
full observed information

What ML methods should I use for my problem?

images 
videos

audio signals



A standard pipeline (start with smaller models!)

1. Constant prediction

2. Linear prediction

3. Simple nonlinear prediction

4. Complex nonlinear prediction (w/ careful hyperparameter tuning)

sklearn.dummy.DummyClassifier sklearn.dummy.DummyRegressor

sklearn.linear_model.LogisticRegression 
(penalty = "l1", "l2", "elasticnet", or "none")

sklearn.linear_model.LinearRegression 
sklearn.linear_model.Ridge 
sklearn.linear_model.Lasso 
sklearn.cross_decomposition.PLSRegression

sklearn.neighbors.KNeighborsClassifier 
sklearn.ensemble.ExtraTreesClassifier 
sklearn.ensemble.RandomForestClassifier

Everything else (including deep learning) such as
sklearn.ensemble.GradientBoostingClassifier 
sklearn.svm.SVC 
sklearn.gaussian_process.GaussianProcessClassifier 
sklearn.neural_network.MLPClassifier

sklearn.ensemble.ExtraTreesRegressor 
sklearn.ensemble.RandomForestRegressor

sklearn.ensemble.GradientBoostingRegressor 
sklearn.svm.SVR 
sklearn.gaussian_process.GaussianProcessRegressor 
sklearn.neural_network.MLPRegressor 
sklearn.kernel_ridge.KernelRidge



Example

prediction doesn't make any sense  
if the observed "test RMSE" is lower than this value

1. Constant prediction



Example

2. Linear prediction

3. Simple nonlinear prediction



Example

4. Complex nonlinear prediction (w/ careful hyperparameter tuning)

We need to carefully tune hyperparameters, and 
it is often difficult or time-consuming to beat the 
previous models.

#

$

$

$

$Here, preprocessing is required to improve these

we used this  
in the paper



Example

4. Complex nonlinear prediction (w/ careful hyperparameter tuning)

a bit  
improved  
(but still 
worse than 
linear 
regression)

Anyway, these complex models usually requires careful 
preprocessing and hyperparameter tuning, which also 
requires knowledge on each algorithm...



Standard pipeline deep learning

ML_model
Inputs Outputs

tabular data  
with hand-crafted variables

raw signal data containing  
full observed information

"Deep learning"?

images 
videos

audio signals



ML_model
Inputs Outputs

"Deep learning" = ML by "deep" neural networks
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Deep learning try to learn better "representation"

https://colah.github.io/posts/2014-03-NN-Manifolds-Topology/
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�
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CVU�OPU�BMXBZT�TVDDFTTGVM��� 
	UIJT�UBTL�JT�WFSZ�EJDVMU
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Deep learning try to learn better "representation"
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Deep learning try to learn better "representation"

https://colah.github.io/posts/2014-03-NN-Manifolds-Topology/

USZ�UP�MFBSO�BOZ��	MJOFBSMZ
�
TFQBSBCMF��SFQSFTFOUBUJPO

CVU�OPU�BMXBZT�TVDDFTTGVM��� 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Example

ML model (surface)
Inputs Outputs

(784 real numbers) (10 real numbers)

An 28 x 28 (=784) pixel image Probabilities for 0,1,2,...,9

[0.0, 0.0, 0.0, 0.9, 0.0,  
 
 0.0, 0.0, 0.0, 0.1, 0.0]

20 1 3 4

75 6 8 9

Just fit a 10-dimensional-valued 
function in 784-dimensional space! 

Find a nice mapping 



Example: MNIST handwritten digits classification



tensorflow.keras has a scikit-like API



For the full example, try the colab code

Notice: specify "GPU" (or "TPU") for this example though CPUs also work.

https://colab.research.google.com/drive/1PxRVbn9JxYPdwwzmJvxXMDgZOa_Gjx_V?usp=sharing



Tensorboard



Also note that the standard pipeline also works

Deep learning 
accuracy

time on a GPU

time on a CPU



Aug 26: 10:30~12:00 (90min)

Aug 26: 13:00~14:30 (90min)

1. What is "machine learning"? 
2. Why does it matter to chemists? 
3. Let's try it in your browser (with no setup!)

4. Five things all beginners should know 
• "The quality of your inputs decide the quality of your output" 
• Training / validation / test data 
• Tuning hyperparameters  
• Identification and design of input variables (or "descriptors") 
• "Correlation does not imply causation" 

5. Standard pipeline and deep learning 
6. Current efforts and future directions



☺Best Practices for Machine Learning Applications 
https://support.sas.com/resources/papers/proceedings16/SAS2360-2016.pdf

Highly Inaccurate Model Predictions 
from Extrapolation (Lohninger 1999)

"Beware of  
the perils of extrapolation, 
and understand that ML 
algorithms build models that are 
representative of the available 
training samples."

No reliable prediction would be 
made for the outside of the 
training data region (i.e. 
“extrapolation”)

ML is just representative of the training data



But ML is just representative of the training data, which obviously 
sounds quite unlikely to discover something as-yet-unidentified.

• Revolutionary materials better than any materials we have now 
• Surprisingly effective cancer drugs that no one has ever seen before 
• Innovative business strategy that has never tried before 
• Astonishing scientific law or theory that no one has ever discovered 
• Game playing strategy that is stronger than anyone existed before

Then, what should we do!? &

Expect something not in the training data?

In science, we often seek for something not in the currently 
observed data. Simply put, it should be a ‘scientific discovery’.



“Exploitation”
We exploit the current data to 
spot the plausible region 
having better y
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The exploration-exploitation trade-off

To get better     , we need to balance both actively collecting more 
data and narrowing the plausible region using the current data.



“Exploitation”
We exploit the current data to 
spot the plausible region 
having better y
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“Exploration”
We explore regions potentially 
having better      but not yet 
covered by the current data.

y
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The exploration-exploitation trade-off

To get better     , we need to balance both actively collecting more 
data and narrowing the plausible region using the current data.



“machine teaching”

“machine learning”

Bayesian optimization / Black-box optimization / Sequential 
design of experiments / Model-based optimization

Beware: Reverse 

“television”

Beware: Inverse is not unique??

x• molecule 
• material 
• reaction 
• process 

:

desirable 
properties

ŷ

ŷ = f✓(x)

Inverse design

relevant 
representation



Representatin learning

Yes, machine learning is interpolative, but interporative under 
the given representation

input raw  
representation

transformed 
representation 1

transformed 
representation 2

transformed 
representation 3

• interpolation in transformed representation can be somewhat  
"extrapolative" in the original input representation 

• there might exist nice latent representation for generalization 
• this is also why "feature engineering" is so influential in practice



"Autonomous Discovery in the Chemical Sciences"



"Autonomous Discovery in the Chemical Sciences"

Automation gives advantages not only on efficiency but also reporoducibility.



"Autonomous Discovery in the Chemical Sciences"



"Chemputer" (If we set up a good system)

- Science 29 Nov (2018) 10.1126/science.aav2211
- Nature 559, pp 377–381 (2018) 10.1038/s41586-018-0307-8
- Science 359, pp. 314-319 (2018) 10.1126/science.aao3466
- Nat Comm 9, 3406 (2018) 10.1038/s41467-018-05828-8
- ACS Cent Sci 4, pp 793–804 (2018) 10.1021/acscentsci.8b00176

Prof.  
Leroy 
Cronin



"Mobile robotic chemists"?

"The authors estimate that a human scientist would have taken 1,000 times longer to 
produce similar results."



"Mobile robotic chemists"?

"The authors estimate that a human scientist would have taken 1,000 times longer to 
produce similar results."



"Virtual Chemist"?



https://www.chemistryworld.com/news/are-synthetic-chemists-out-of-a-job-as-ai-meets-
automation/3010812.article

Automation goes through chemistry and chemical industry

https://www.chemistryworld.com/news/are-synthetic-chemists-out-of-a-job-as-ai-meets-automation/3010812.article
https://www.chemistryworld.com/news/are-synthetic-chemists-out-of-a-job-as-ai-meets-automation/3010812.article


Automation goes through chemistry



Automation goes through chemistry and chemical industry

Little human intervention for highly 
reproducible large-scale production lines



Automation goes through chemistry and chemical industry

Little human intervention for highly 
reproducible large-scale production lines



.. and it is also strongly related to machine learning!



Science Paradigms
• Thousand years ago: 

science was empirical
describing natural phenomena

• Last few hundred years: 
theoretical branch

using models, generalizations
• Last few decades: 

a computational branch
simulating complex phenomena

• Today:
data exploration (eScience)

unify theory, experiment, and simulation 
– Data captured by instruments

Or     generated by simulator
– Processed by software
– Information/Knowledge stored in computer
– Scientist analyzes database / files

using data management and statistics
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https://jimgray.azurewebsites.net/talks/NRC-CSTB_eScience.ppt

This would be more strongly complemented by
Machine learning or AI, or data sciences.



Reviewer: 1 
I don't usually recommend that papers should be accepted "as is", but in this case I don't see the need for 
changes. This review should be accepted and published in ACS Catalysis. ... I will certainly recommend it 
to my group and my students when it is published.  
Reviewer: 2 
The manuscript gives an excellent over the field of machine learning especially with regard to 
heterogeneous catalysis and I would highly recommend the article for the publication in ACS Catalysis. 
Reviewer: 3 
This is one of the best reviews for catalyst informatics that the Reviewer has read. In particular, the chapter 
2 delivers a very good tutorial, which is concisely and professionally written.

ACS Catalysis, 2019; 10: 2260-2297. https://doi.org/10.1021/acscatal.9b0418

Chapter 2 is a user's guide to use ML in practice!
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2. Why does it matter to chemists? 
3. Let's try it in your browser (with no setup!)

4. Five things all beginners should know 
• "The quality of your inputs decide the quality of your output" 
• Training / validation / test data 
• Tuning hyperparameters  
• Identification and design of input variables (or "descriptors") 
• "Correlation does not imply causation" 

5. Standard pipeline and deep learning 
6. Current efforts and future directions


