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AlphaGo, AlphaGo Zero, Alpha Zero
AlphaGo is a computer programthat plays the board game Go. It 
was developed by Alphabet Inc.'s Google DeepMind in London.

At the 2017 Future of Go Summit, AlphaGo beat Ke, Jie, the 
world No.1 ranked player at the time, in a three‐game match.

AlphaGo Zero is a version of DeepMind's Go software AlphaGo. 
AlphaGo's team published an article in the journal Nature on 19 
October 2017, introducing AlphaGo Zero, a version created 
without using data from human games, and stronger than any 
previous version.

In December 2017, a generalized version of AlphaGo Zero, 
named AlphaZero, beat the 3‐day version of AlphaGo Zero by 
winning 60 games to 40.
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Deep Blue

Deep Blue was a chess‐playing 
computer developed by IBM. It is 
known for being the first computer 
chess‐playing system to win both a 
chess game and a chess match against 
a reigning world champion under 
regular time controls.

Deep Blue won its first game 
against a world champion on 10 
February 1996, when it 
defeated Garry Kasparov in game 
one of a six‐game match.
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Ernst Theodor Wilhelm Hoffmann
24 January 1776 ‐ 25 June 1822

Jacques Offenbach
20 June 1819 – 5 October 1880
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Input Feature Map 
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https://goo.gl/vAs3TZ
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(Submitted on 20 Jun 2014)

Times cited: 6804 (2018/3/6)

https://arxiv.org/abs/1408.5093

CAFFE (Convolutional Architecture for Fast 
Feature Embedding)
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Released on November 9, 2015
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Keras is a high‐level neural networks API, written in Python 
and capable of running on top of TensorFlow, CNTK, 
or Theano. It was developed with a focus on enabling fast 
experimentation. Being able to go from idea to result with 
the least possible delay is key to doing good research.
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Molecular Descriptors

 Topological Descriptors:  deal with the type and 
connection of atoms in 2D space.
 Geometrical Descriptors:  deal with the 
arrangement of atoms in 3D space, in terms of bond 
length, angles, and dihedral angles.
 Electronic Descriptors: deal with the electronic 
distribution resulting from the molecular wave 
function.



Usages of Molecular Descriptors

• Search for similar compounds based on fragments 
with calculated molecular descriptors.  Coarse‐
grained virtual screening.

• Analyze the chemical diversity of a compound library.
• Perform the quantitative structure‐activity 
relationships (QSAR).

• Predict the physical chemical or pharmacokinetic 
properties of a novel compound. 



Energy‐Related Descriptors
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Ionization Potential, Electron 
Affinity, and Electronegativity
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Electrostatic Descriptors
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MO‐related Descriptors

 





j

N

m j

A
jm

AE

A c
S

1

2

, 2


 





j

N

m j

A
jm

AE

A c
S

1

2

, 2


2
HOMOLUMO  



Electrophilic 
superdelocalizability

Nucleophilic 
superdelocalizability

state transition:T
reactant :R

TR  

 
j

jHOMO
E

r cf 2
, 

j
jLUMO

N
r cf 2

,

Absolute hardness

Activation hardness

Nucleophilic atomic 
frontier electron densities

Electrophilic atomic 
frontier electron densities

Summation over occupied MOs 
(j) and over the valence AOs in 
the atom A (m).

Summation over unoccupied 
MOs (j) and over the valence 
AOs in the atom A (m).



92



93



Enzymatic Reactions
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The Hammett Equation











HRXR

HRXR

kk
KK

loglog
loglog

Hammett (1935) studied a series of aromatic compounds and found:

acids benzoid dsubstitute of constants ionizationon  basedparameter :
 X tssubstituen of nature on the dependonly  which constants,t substituen:

constants rate:
 constants mequilibriu:



k
K



The First QSAR Analysis
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Antiadrenergic activities and physical chemical properties 
of meta‐, para‐, and meta,para‐disubstituted N,N‐

dimethyl‐α‐Bromaophenethylamines



The Resultant Hansch Equation
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A QSAR Equation



Validation and Selection of QSAR Models
1. Selection of independent variables. A wide range of different 

parameters, such as logP or π,σ, and steric parameters, should be tried; 
molecular orbital parameters should not be overlooked.

2. Justification of the choice of independent variables. All “reasonable” 
parameters must be validated by an appropriate statistical procedure. 
The “best” equation is normally the one with the lowest standard 
deviation, all terms being significant.

3. Principle of parsimony (Occam’s Razor; William Ockham, 1285‐1349, 
English philosopher and logician). All things being (approx.) equal, one 
should accept the simplest model.

4. Number of terms. One should have at least five to six data points per 
variable to avoid chance correlation.

5. Qualitative model. It is important to have a qualitative model that is 
consistent with the known physical‐organical and biomedicinal
chemistry of the process under consideration, in order to avoid chance 
correlations.
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DeepChem

DeepChem aims to provide a high quality open‐source toolchain 
that democratizes the use of deep‐learning in drug discovery, 
materials science, quantum chemistry, and biology. Previous deep 
learning frameworks, such as scikit‐learn have been applied to 
chemiformatics, but DeepChem is the first to accelerate 
computation with NVIDIA GPUs.
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Dataset Category Description Classification 
Type

Compounds

QM7 Quantum 
Mechanics

orbital 
energies

atomization 
energies

Regression 7,165

QM7b Quantum 
Mechanics

orbital 
energies

Regression 7,211

ESOL Physical 
Chemistry

solubility Regression 1,128

FreeSolv Physical 
Chemistry

solvation 
energy

Regression 643

PCBA Biophysics bioactivity Classification 439,863
MUV Biophysics bioactivity Classification 93,127
HIV Biophysics bioactivity Classification 41,913

PDBBind Biophysics binding 
activity

Regression 11,908

Tox21 Physiology toxicity Classification 8,014
ToxCast Physiology toxicity Classification 8,615
SIDER Physiology side reactions Classification 1,427
ClinTox Physiology clinical 

toxicity
Classification 1,491

DeepChem Assay Datasets
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Featurizer use cases

Extended‐Connectivity Fingerprints (ECFP) for molecular datasets not containing large 
numbers of non‐bonded interactions

Graph Convolutions Like ECFP, graph convolution produces granular 
representations of molecular topology. Instead 
of applying fixed hash functions, as with ECFP, 
graph convolution uses a set of parameters 

which can learned by training a neural network 
associated with a molecular graph structure.

ColoumbMatrix Coloumb matrix featurization captures 
information about the nuclear charge state, 
and internuclear electric repulsion. This 
featurization is less granular than ECFP, or 

graph convolutions, and may perform better 
where intramolecular electrical potential may 
play an important role in chemical activity

Grid Featurization datasets containing molecules interacting 
through non‐bonded forces, such as docked 

protein‐ligand complexes

DeepChem Featurizers
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