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A machine learning (ML) researcher working for
ML for Stem Cell Biology ML for Chemistry

Interests: Machine Learning and Machine Discovery
An intersection of ML with combinatorial structures  + ML for natural sciences

Joint project with HU Med Dept:

• Prof. Shinya Tanaka: Cancer diagnosis with fluorescent markers, Enzyme-catalyzed reaction design 

• Prof. Shigetsugu Hatakeyama: Mediator complex of transcription regulations (Nat Commun 2020, 2015) 

• Prof. Ichiro Yabe: Video-based predictions of motor symptom severity

• Prof. Yasuyuki Fujita: Cell competition (Cell Reports 2018; Sci Rep 2015) 

• Prof. Hidenao Sasaki: Copy number variations for neurodegenerative diseases (Mol Brain 2017)
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X-informatics: Bio- and Chemo-informatics

• Biochemical reaction networks (Metabolic pathways) 
Bioinformatics 2007, 2008a, 2008b, 2009, 2010 
Nucleic Acids Res 2011, PLoS One 2012, 2013, KDD’07 

• Drug-target interactions (Polypharmacology) 
PLoS One 2011, Drug Discov Today 2013, Brief Bioinform 2014 

• Modulatory proteolysis 
Mol Cell Proteom 2016, Genome Informatics 2009 
(We also developed a database http://calpain.org) 

• Genomic repeats 
Discrete Appl Math 2013, 2016, AAAI 2020 

• Genetic variations in cancer cells 
Brief Bioinform 2014 

• Mediator complex and transcription regulation 
Nat Commun 2015, 2020 (w/ Prof. Hatakeyama) 

• Genomic copy number variations for neurodegenerative diseases 
Mol Brain 2017 (w/ Prof. Sasaki) 

• Cell competitions and cancer cells  
Cell Reports 2018, Sci Rep 2015 (w/ Prof. Fujita)

In addition to pure ML research, I’ve worked for bio/chemo-informatics
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Molecules have a combinatorial aspect

https://cen.acs.org/physical-chemistry/computational-chemistry/Exploring-chemical-space-AI-take/98/i13
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All about fitting a very-flexible function to finite points in high-dimensional space.
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ML: A new way for (lazy) programming

x1
x2

y
p1 p2 p3 p5p4

All about statistical and algorithmic techniques for  

surface-model fitting to data points by adjusting model parameters.

Variable 1 

Variable 2
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5 params
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A modern aspect of ML

ResNet50: 26 million params 

ResNet101: 45 million params 

EfficientNet-B7: 66 million params 

VGG19: 144 million params

12-layer, 12-heads BERT: 110 million params 

24-layer, 16-heads BERT: 336 million params 

GPT-2 XL: 1558 million params 

GPT-3: 175 billion params

Modern ML: Can we imagine what would happen if we try to fit a function having 175 
billion parameters to 100 million data points in 10 thousand dimension??

simulation

input output

computer program

input output

computer program

ML

full specification in 

every detail required

give up explicit model

instead, grab a tunable 

model, and show it many 

input-output instances

inductive (empiricism)

airhead with a god-like 

learning capability

deductive (rationalism)

All about fitting a very-flexible function to finite points in high-dimensional space.
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This Talk: ML for Molecular Graphs
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Representation Learning
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Use Case 1: Virtual Screening (QSAR/QSPR)
• Mutagenic potency

• Carcinogenic potency

• Endocrine disruption

• Growth inhibition

• Aqueous solubility
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https://pubchem.ncbi.nlm.nih.gov/bioassay/1

Use Case 1: Virtual Screening (QSAR/QSPR)
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Use Case 1: Virtual Screening (QSAR/QSPR)
input output

ML activity: “Active” 

LogGI50: -7.8811

CID 11978790
GI50: concentration required 
for 50% inhibition of growth
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Input representation (molecular graph)

Use Case 1: Virtual Screening (QSAR/QSPR)
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invariance
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• atomic_num (one-hot, 101) 

• total_degree (one-hot, 7) 

• formal_charge (one-hot, 6) 

• chiral_tag (one-hot, 5) 

• num_Hs (one-hot, 6) 

• hybridization (one-hot, 6) 

• is_aromatic (binary, 1) 

• atomic_mass (real, 1)

17

edge(bond) features

• no_bond (binary, 1) 

• is_single (binary, 1) 
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• is_triple (binary, 1) 
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17

14133

node(atom) features

133 features 14 features

e.g. Features for ChemProp (Yang et al, 2019)

atoms → nodes 

bonds → edges
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equivariance 

2. permutation 
invariance
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Graph Neural Networks (GNNs)
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ChemProp 

(Directed MPNN)

Use Case 1: Virtual Screening (QSAR/QSPR)

ExtraTrees  

w/ ECFP6(1024)

Performance for unseen (test) data:

Standard ML GNN

Stokes et al, Cell (2020) https://doi.org/10.1016/j.cell.2020.01.021

Marchant, Nature (2020) https://doi.org/10.1038/d41586-020-00018-3

ChemProp (Yang et al, 2019)
from MIT MLPDS (Machine Learning  

          for Pharmaceutical Discovery  

          and Synthesis) Consortium

Disclaimer: This is just for a toy demo. This should be taken 

as classification for ACTIVITY_OUTCOME (Active or Inactive)

95.079% (Active/Inactive) 95.604% (Active/Inactive)

• Regression for LogGI50 • Regression for LogGI50

• Classification accuracy • Classification accuracy

RMSE 0.6076RMSE 0.7970

Activie/Inactive (Classification), LogGI50 (Regression)
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https://qcarchive.molssi.org/apps/ml_datasets/

Use Case 2: Quantum chemistry
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Use Case 2: Quantum chemistry
input output

gdb_21014

� 1000 sec

Density Functional Theory (DFT) 

B3LYP/6-31G(2df, p)
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input molecule H2O

Use Case 2: Quantum chemistry

gdb_3

0

1 2

graph (SchNet)

0 1

atom features

0 1 2
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edges w/ cutoff (10Å)
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bond features

0 1
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0 2
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1 2

edge_index

0.9620 0.9622 1.5133 
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<latexit sha1_base64="PJMbQqlxF/BaTgtbHwfwEQN8SrI="></latexit>

Z2 = 1

<latexit sha1_base64="A/aHUcWCUQde6WVY9Df1h30Gjpk="></latexit>

r0 = [�0.0344, 0.9775, 0.0076]
<latexit sha1_base64="2hhG9gKLK2JIb9w0aH6ObiinRms="></latexit>

r1 = [0.0648, 0.0206, 0.0015]
<latexit sha1_base64="FqaYo7zlBtUvxlEmhgyAfxy/v8k="></latexit>

r2 = [0.8718, 1.3008, 0.0007]

SchNet (Schütt et al, 2017)

<latexit sha1_base64="tzvRXqv2dAYIROlG6uwbJPf0mrw="></latexit>

xi  xi +  

0

@
X

j2Ni

�(xj)� !ij

1

A

Message Passing with 

residual connections

<latexit sha1_base64="4oqceeOsg0RegmHmCOLOjG0SaOU="></latexit>x0
<latexit sha1_base64="jqQfQ7TB6F1UPH31OFoS1eerzNw="></latexit>x1

<latexit sha1_base64="fLMd1ywDpT0cBkzaL9hTb77jq/8="></latexit>x2

<latexit sha1_base64="YVJW2X9s34FCmpunsQgR00z8vXY="></latexit>w01
<latexit sha1_base64="tYR7XnwyhyUSVK/6XFo1uz/tDtI="></latexit>w02

<latexit sha1_base64="Ak3wjfcp94hUo7DAHdEjDzlDdm0="></latexit>w12
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input molecule H2O

Use Case 2: Quantum chemistry

gdb_3

0

1 2

graph (SchNet)

0 1

atom features

0 1 2

2

edges w/ cutoff (10Å)

0

bond features

0 1

1

0 2

2

1 2

edge_index

0.9620 0.9622 1.5133 

<latexit sha1_base64="WhwbZjIo+PbaHz7kU/YZBO38PiQ="></latexit>

rij := kri � rjk

<latexit sha1_base64="kMmroSd0z/qeaFfqTkrtDbgltFg="></latexit>

Z0 = 8
<latexit sha1_base64="QxdA1PVsyCLNE23CpTjm2APprYs="></latexit>

Z1 = 1
<latexit sha1_base64="PJMbQqlxF/BaTgtbHwfwEQN8SrI="></latexit>

Z2 = 1

<latexit sha1_base64="A/aHUcWCUQde6WVY9Df1h30Gjpk="></latexit>

r0 = [�0.0344, 0.9775, 0.0076]
<latexit sha1_base64="2hhG9gKLK2JIb9w0aH6ObiinRms="></latexit>

r1 = [0.0648, 0.0206, 0.0015]
<latexit sha1_base64="FqaYo7zlBtUvxlEmhgyAfxy/v8k="></latexit>

r2 = [0.8718, 1.3008, 0.0007]

nn.Embedding

128

-1.249

1.6278

-0.1370

⋮
-0.9488

0.3105 

-1.6185

0.1960

⋮
-0.5310

0.3105 

-1.6185

0.1960

⋮
-0.5310

<latexit sha1_base64="4oqceeOsg0RegmHmCOLOjG0SaOU="></latexit>x0
<latexit sha1_base64="jqQfQ7TB6F1UPH31OFoS1eerzNw="></latexit>x1

<latexit sha1_base64="fLMd1ywDpT0cBkzaL9hTb77jq/8="></latexit>x2

SchNet (Schütt et al, 2017)

<latexit sha1_base64="tzvRXqv2dAYIROlG6uwbJPf0mrw="></latexit>

xi  xi +  

0

@
X

j2Ni

�(xj)� !ij

1

A

Message Passing with 

residual connections

<latexit sha1_base64="YVJW2X9s34FCmpunsQgR00z8vXY="></latexit>w01
<latexit sha1_base64="tYR7XnwyhyUSVK/6XFo1uz/tDtI="></latexit>w02

<latexit sha1_base64="Ak3wjfcp94hUo7DAHdEjDzlDdm0="></latexit>w12
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input molecule H2O

Use Case 2: Quantum chemistry

gdb_3

0

1 2

graph (SchNet)

0 1

atom features

0 1 2

2

edges w/ cutoff (10Å)

0

bond features

0 1

1

0 2

2

1 2

edge_index

0.9620 0.9622 1.5133 

<latexit sha1_base64="WhwbZjIo+PbaHz7kU/YZBO38PiQ="></latexit>

rij := kri � rjk

50

MLP 50 →128

0.1803 

0.0826 

0.3349 

⋮
-0.474

0.0403 

-0.003

0.0802 

⋮
-0.061

0.1803 

0.0826 

0.3349 

⋮
-0.474

128

<latexit sha1_base64="zybc8bdG60pci39izd8WqLQ5/Rk="></latexit>

exp(��↵(rij � µ↵)
2)

<latexit sha1_base64="kMmroSd0z/qeaFfqTkrtDbgltFg="></latexit>

Z0 = 8
<latexit sha1_base64="QxdA1PVsyCLNE23CpTjm2APprYs="></latexit>

Z1 = 1
<latexit sha1_base64="PJMbQqlxF/BaTgtbHwfwEQN8SrI="></latexit>

Z2 = 1

<latexit sha1_base64="A/aHUcWCUQde6WVY9Df1h30Gjpk="></latexit>

r0 = [�0.0344, 0.9775, 0.0076]
<latexit sha1_base64="2hhG9gKLK2JIb9w0aH6ObiinRms="></latexit>

r1 = [0.0648, 0.0206, 0.0015]
<latexit sha1_base64="FqaYo7zlBtUvxlEmhgyAfxy/v8k="></latexit>

r2 = [0.8718, 1.3008, 0.0007]

nn.Embedding

128

-1.249

1.6278

-0.1370

⋮
-0.9488

0.3105 

-1.6185

0.1960

⋮
-0.5310

0.3105 

-1.6185

0.1960

⋮
-0.5310

<latexit sha1_base64="4oqceeOsg0RegmHmCOLOjG0SaOU="></latexit>x0
<latexit sha1_base64="jqQfQ7TB6F1UPH31OFoS1eerzNw="></latexit>x1

<latexit sha1_base64="fLMd1ywDpT0cBkzaL9hTb77jq/8="></latexit>x2

Weighted ACSFs (ACSFs = atom-
centered symmetry functions) 
for Behler-Parrinello potentials

<latexit sha1_base64="bbWlQHipawsZwudry4/MYk1A7nU="></latexit>

1

2

✓
cos

✓
⇡rij
rc

◆
+ 1

◆
cutoff function

element-wise product

<latexit sha1_base64="YVJW2X9s34FCmpunsQgR00z8vXY="></latexit>w01
<latexit sha1_base64="tYR7XnwyhyUSVK/6XFo1uz/tDtI="></latexit>w02

<latexit sha1_base64="Ak3wjfcp94hUo7DAHdEjDzlDdm0="></latexit>w12

SchNet (Schütt et al, 2017)

<latexit sha1_base64="tzvRXqv2dAYIROlG6uwbJPf0mrw="></latexit>

xi  xi +  

0

@
X

j2Ni

�(xj)� !ij

1

A

Message Passing with 

residual connections
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pred vs true for SchNet (Schütt et al, 2017)

Use Case 2: Quantum chemistry
pred vs true for DimeNet (Klicpera et al, 2020)

Dipole Moment Energy U

HOMOLUMO

Heat CapacityEnthalpy H

Dipole Moment Energy U

HOMOLUMO

Heat CapacityEnthalpy H
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SchNet (Schütt et al, 2017)

Use Case 2: Quantum chemistry
DimeNet (Klicpera et al, 2020)

Free Energy Free Energy

y_truey_true

y_pred y_pred

ExtraTrees w/ ECFP6 LightGBM w/ ECFP6 3-Layer MLP w/ ECFP6
(without 3D geometry) (without 3D geometry) (without 3D geometry)

Free Energy Free Energy Free Energy
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Chemical Reaction Design and Discovery

EQ1 EQ2

Chemical Reaction

How we can have this?
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Chemical Reaction Design and Discovery

EQ1 EQ2

Chemical Reaction
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Chemical Reaction Design and Discovery

EQ1 EQ2

Chemical Reaction

ML

Retrosynthesis 
prediction

Forward Reaction 
prediction
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Chemical Reaction Design and Discovery

EQ1 EQ2

Chemical Reaction
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Potential Energy Surface

<latexit sha1_base64="Wyp4gB8RxRsto5OIPkBWRdHaY3U="></latexit>

E

<latexit sha1_base64="VQOOvVSP0lW6m0gNVQ8zA5pNsEc="></latexit>ri

<latexit sha1_base64="kTQzD4iiA9afGMFuEz1PlDAJN4Y="></latexit>rj

22

Chemical Reaction Design and Discovery

EQ1 EQ2

Chemical Reaction
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Potential Energy Surface

<latexit sha1_base64="Wyp4gB8RxRsto5OIPkBWRdHaY3U="></latexit>

E

<latexit sha1_base64="VQOOvVSP0lW6m0gNVQ8zA5pNsEc="></latexit>ri

<latexit sha1_base64="kTQzD4iiA9afGMFuEz1PlDAJN4Y="></latexit>rj

22

Chemical Reaction Design and Discovery

EQ1 EQ2

Chemical Reaction
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Potential Energy Surface

<latexit sha1_base64="Wyp4gB8RxRsto5OIPkBWRdHaY3U="></latexit>

E

<latexit sha1_base64="VQOOvVSP0lW6m0gNVQ8zA5pNsEc="></latexit>ri

<latexit sha1_base64="kTQzD4iiA9afGMFuEz1PlDAJN4Y="></latexit>rj

22

Chemical Reaction Design and Discovery

EQ1 EQ2TS

Chemical Reaction
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Potential Energy Surface

<latexit sha1_base64="Wyp4gB8RxRsto5OIPkBWRdHaY3U="></latexit>

E

<latexit sha1_base64="VQOOvVSP0lW6m0gNVQ8zA5pNsEc="></latexit>ri

<latexit sha1_base64="kTQzD4iiA9afGMFuEz1PlDAJN4Y="></latexit>rj

22

Chemical Reaction Design and Discovery

EQ1 EQ2TS

Chemical Reaction

Energy

<latexit sha1_base64="Wyp4gB8RxRsto5OIPkBWRdHaY3U="></latexit>

EML

• Acceleration by ML potential?

• Artificial force learning?

ML

Forces

• Scope/network expansion?

ML

• Fill any gap between theory and 

experiments (reality) by data?
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Machine Learning and Machine Discovery

• Machine Learning: many fascinating technical topics of my long-

standing interests on “ML with combinatorial structures” (such as GNNs) 

• Machine Discovery: many long-standing important open problems 

towards “AI for automating discovery”

Prior Info

Observational data 

Reported facts 

Textbook knowledge

Discovery

Representation
Model (Belief)

Intervention

Hypothesis

New Info

Prior Info

• Identify relevant variables 

• Set design choices
• Set experiments 

• Interpret results

Model (Belief)

Hypothesis

https://itakigawa.github.io/data/icred_med_202110.pdf

An exciting “real-world” test bench for ML researchers!

This Slide


