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http://www.ipam.ucla.edu/programs/workshops/workshop-i-from-passive-to-active-
generative-and-reinforcement-learning-with-physics/ for talk recordings see the last slide!

http://www.ipam.ucla.edu/programs/workshops/workshop-i-from-passive-to-active-generative-and-reinforcement-learning-with-physics/
http://www.ipam.ucla.edu/programs/workshops/workshop-i-from-passive-to-active-generative-and-reinforcement-learning-with-physics/
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• Learn data probability distribution 

• Learn representation of data 

• Directed generation of structures
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can deal practically with approximationmethods
for the graph isomorphism problem.
Additionally, improved sequence generation

models are possible with the ability to read and
write to memory (69). These approaches demon-
strate better ability for learning long- and short-
termpatterns.Morework is neededonRiemannian
optimization methods that exploit the geometry
of latent space. Structured architectures such as
multilevel VAE (85) offer newways of organizing
latent space and are promising research direc-
tions. New approaches also lie in inverse RL,
geared toward learning a reward or loss function
(86). Research in this direction will allow for the
discovery of reward functions associated with
different materials discovery tasks.

Outlook

Inverse design is an important component of the
complex framework required to designmatter at
an accelerated pace. The tools for inverse design,
especially those stemming from the field of ma-
chine learning, have shown rapid progress in
the last several years and have allowed chemical
space to be framed into probabilistic data-driven
models. Generativemodels produce large numbers
of candidate molecules, and the physical realiza-
tions of these candidates will require automated
high-throughput efforts to validate the genera-
tive approach. The community has yet has to
show more than a few examples of successful

closed-loop approaches for the design of matter
(87). The blurring of the barriers between theory
and experiment will lead to AI-enabled auto-
mated laboratories (88, 89).
The combination of inverse design tools with

active learning approaches such as Bayesian
optimization (90, 91) can enable a model that
adapts as it explores chemical space, which
allows for expanding a model in regions of
high uncertainty and enabling the discovery
of regions of molecular space with desirable
properties as a function of composition. Active
learning in the space of objective functions could
lead to a better understanding of the best rewards
to seek while carrying out machine learning.
As seen, central to machine learning meth-

odologies is the representation of molecules;
representations that encode the relevant physics
will tend to generalize better. Despite consider-
able progress, much work remains. Graph and
hierarchical representations of molecules are an
area requiring further study.
The integration of machine learning as a new

pillar of knowledge in the curricula of chemical,
biochemical, medicinal, and materials sciences
will allow for a more rapid adoption of themeth-
odologies summarized in this work.
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Fig. 4. Schematic representation of several architectures found in
generative models. RNNs are used for sequence generation. The VAE
shows the semi-supervised variant, jointly trained by molecules (x) and
properties (y). Latent space is denoted with Z, and latent vectors with z.
In the GAN setting, the noise eventually acquires structure via the

adversarial training. Reinforcement learning (RL) shows a policy
gradient with MTCS in the task of SMILES completion with
arbitrary rewards. Shown in the lower right are hybrid architectures
such as AAE (adversarial autoencoders) and ORGAN, which represents
GAN and RL.
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• Boltzmann Generators: Noé et al.; doi.org/10.1126/science.aaw1147 

• Molecule Generation 

• Graph Convolutional Decoder: Bresson and Laurent; arxiv.org/abs/
1906.03412  

• Junction Tree VAE: Jin et al.; arxiv.org/abs/1802.04364 

• VAE for Solid-State Materials: Noh et al.; doi.org/10.1016/j.matt.
2019.08.017 

• Normalising Flows: Rezende and Mohamed; arxiv.org/abs/1505.05770 

http://doi.org/10.1126/science.aaw1147
http://arxiv.org/abs/1906.03412
http://arxiv.org/abs/1906.03412
http://arxiv.org/abs/1802.04364
http://doi.org/10.1016/j.matt.2019.08.017
http://doi.org/10.1016/j.matt.2019.08.017
http://arxiv.org/abs/1505.05770
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Fig. 4. Schematic representation of several architectures found in
generative models. RNNs are used for sequence generation. The VAE
shows the semi-supervised variant, jointly trained by molecules (x) and
properties (y). Latent space is denoted with Z, and latent vectors with z.
In the GAN setting, the noise eventually acquires structure via the

adversarial training. Reinforcement learning (RL) shows a policy
gradient with MTCS in the task of SMILES completion with
arbitrary rewards. Shown in the lower right are hybrid architectures
such as AAE (adversarial autoencoders) and ORGAN, which represents
GAN and RL.
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• MolGAN: De Cao and Kipf; arxiv.org/abs/1805.11973 

• Generation of 3D point sets with G-SchNet: Gebauer et 
al.; arxiv.org/abs/1906.00957 

• BONUS  
SELFIES: Krenn et al. ; arxiv.org/abs/1905.13741 
(alternative to SMILES)

http://arxiv.org/abs/1805.11973
http://arxiv.org/abs/1906.00957
http://arxiv.org/abs/1905.13741
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Fig. 4. Schematic representation of several architectures found in
generative models. RNNs are used for sequence generation. The VAE
shows the semi-supervised variant, jointly trained by molecules (x) and
properties (y). Latent space is denoted with Z, and latent vectors with z.
In the GAN setting, the noise eventually acquires structure via the

adversarial training. Reinforcement learning (RL) shows a policy
gradient with MTCS in the task of SMILES completion with
arbitrary rewards. Shown in the lower right are hybrid architectures
such as AAE (adversarial autoencoders) and ORGAN, which represents
GAN and RL.
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• Optimization of Molecules with RL: Zhou et al.; doi.org/
10.1038/s41598-019-47148-x 

• Graph Convolutional Policy Network: You et al.; 
arxiv.org/abs/1806.02473

http://doi.org/10.1038/s41598-019-47148-x
http://doi.org/10.1038/s41598-019-47148-x
http://arxiv.org/abs/1806.02473
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• Tensor Field Networks (NNs with explicit equivariance to rotations and 
translation): Schmidt et al.; arxiv.org/abs/1802.08219 (stay tuned, might give 
a seminar in 2020) 

• SchnOrb (NN to predict molecular wavefunctions directly): Schütt et al.; 
arxiv.org/abs/1906.10033  

• Quantum Monte Carlo with DNNs: 

• PauliNet: Hermann et al.; arxiv.org/abs/1909.08423 (recommended!) 

• FermiNet: Pfau et al.; arxiv.org/abs/1909.02487 (DeepMind) 

• sGDML: Chmiela et al.; doi.org/10.1016/j.cpc.2019.02.007 (non-NN force 
field with gradients!)

http://arxiv.org/abs/1802.08219
http://arxiv.org/abs/1906.10033
http://arxiv.org/abs/1909.08423
http://arxiv.org/abs/1909.02487
http://doi.org/10.1016/j.cpc.2019.02.007
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• Talks can be found at: http://www.ipam.ucla.edu/programs/workshops/workshop-i-
from-passive-to-active-generative-and-reinforcement-learning-with-physics/?
tab=schedule ; the recordings are very good! 

• Some recommended talks: 

• Tess Smidt 

• Patrick Riley 

• Alexandre Tkatchenko 

• Frank Noé 

• Lars Ruthotto (mathematical background on DNNs)

http://www.ipam.ucla.edu/programs/workshops/workshop-i-from-passive-to-active-generative-and-reinforcement-learning-with-physics/?tab=schedule
http://www.ipam.ucla.edu/programs/workshops/workshop-i-from-passive-to-active-generative-and-reinforcement-learning-with-physics/?tab=schedule
http://www.ipam.ucla.edu/programs/workshops/workshop-i-from-passive-to-active-generative-and-reinforcement-learning-with-physics/?tab=schedule
http://www.ipam.ucla.edu/programs/workshops/workshop-i-from-passive-to-active-generative-and-reinforcement-learning-with-physics/?tab=schedule

