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The Third Wave of Al: Closing the Gap

between Al and the Domain Experts, using
the example of Deep Plant Phenotyping



McKinsey

& Company Al and Climate Science

M ey Globwl iratit e

How to ensure
artificial intelligence
benefits society: A
conversation with
Stuart Russell and
James Manyika

January 2020 | Video
| think climate science is another problem around the totality of the picture where Al can help.
You’'ve got atmospheric specialists, you have ocean people, you have cloud people, you have
economists who look at migration and mitigation and so on, you have got the biosphere people
who look at bacteria and processes of putrefaction of peat bogs and Siberian permafrost, and all
the rest of it. But does anyone have the whole picture in their mind? Al systems could have the
whole picture.

https://www.mckinsey.com/featured-insights/artificial-intelligence/how-to-ensure-artificial-intelligence-benefits-society-a-conversation-with-stuart-russell-and-james-manyika




g | | Nature 466, 531-532 (29 July 2010)

The world S populatlon expected to

grow from 6.8 billion today to 9.1
billion by 2050

How to expand agricultural output

massively without increasing by much
the amount of Iand used?

Early Detection of
'Plant Stress using

Machine Learning and *
Hyperspectral Imaging




Tardieu, Schurr, “White Paper on Plant Phenotyoping,” EPSO Workshop on Plant Phenotyping, Juelich, Nov. 2009
Houle, Govindaraju, Omholt “Phenomics: the next challenge” Nature Reviews Genetics 11:855-866, Dec. 2010

Phenotyping: Who is stressed and why?

Large-scale phenotyping is the natural complement to
genome sequencing as a route to rapid advances in
biology. Ultimately, it links genomics with the
performance of plants in the interaction with

environmental cues.
Can we detect it earlier using sensor technology?
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Barley B
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Hyperspectral Imaging

Phenotyping by means of sensor
technologies involves the identification of
relevant patterns in massive data sets of
high-dimensional sensor readings with a
demanding signal-to-noise ratio.
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(2019): Quantitative and qualitative phenotyping of disease resistance of crops by hyperspectral sensors: seamless interlocking of
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Potentially much more powerful than shallow
architectures, represent computations
[LeCun, Bengio, Hinton Nature 521, 436—444, 2015]
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Deep Neural Networks

NATUTCINSIGHT

Potentially much more powerful than shallow
architectures, represent computations
[LeCun, Bengio, Hinton Nature 521, 436—444, 2015]
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They can beat the world champion in CrazyHouse

[Czech, Willig, Beyer, Kersting, FUrnkranz arXiv:1908.06660 2019]
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Deep NerINetwk

NATUICINSIGHT

Potentially much more powerful than shallow
architectures, represent computations
[LeCun, Bengio, Hinton Nature 521, 436—444, 2015]

They “develop intuition” about complicated
biological processes and generate scientific data

[Schramowski, Brugger, Mahlein, Kersting 2020 to be submitted] ﬂ;lsunde.s aaaaa i



Can we always trust deep models?
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[Schramowski et al. arXiv:2001.05371 2020]



Third Wave of Al

Al systems that can acquire
human-like communication and
reasoning capabilities, with the
ability to recognise new
situations and adapt to them.

Kristian Kersting - Hybrid Al: Deep Machines that know when they do not know




DNNs often have no probabilistic

semantics._ They are not P(YlX) ¥ P(Y,X)

calibrated joint distributions.

MNIST
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[Bradshaw et al. arXiv:1707.02476 2017]
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Let us borrow ideas from
deep learning for probabilistic
graphical models

Judea Pearl, UCLA
Turing Award 2012
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Sum-Product Networks
a deep probabilistic Ifning
l

I.

framework

Darwiche
UCLA

Computational graph
(kind of TensorFlow
graphs) that encodes
how to compute
probabilities

Inference is linear in size of network

Kristian Kersting - Hybrid Al: Deep Machines that know when they do not know n



[Poon, Domingos UAI'11; Molina, Natarajan, Kersting AAAI'17; Vergari, Peharz, Di Mauro, Molina, Kersting, Esposito AAAI '18;
Molina, Vergari, Di Mauro, Esposito, Natarajan, Kersting AAAI ’18, Peharz et al. UAI 2019, Stelzner, Peharz, Kersting iCML 2019]

FL There are also ways to learn the structure of SPNs
®W SPFlow: An Easy and Extensible [Molina, Vergari, Stelzner, Peharz,

' _ Subramani, Poupart, Di Mauro,
| TECHN';C'Erary for Sum-Product Networks Kersting arXiv:1901.03704, 2019]
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e Domain Specific Language,
from spn.structure.Base import Sum, Product
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SPFiow, an open-source Python ibrary providing a simple interface to nference, learning and manipulation routines for
deep and tractable probabilistic models caled Sum-Product Networks (SPNs). The fbrary aliows one to quickly create SPNs
both from data and through a doman specfic language (DSL). it efficiently implemaents several probabilstic inderence
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Similar to Random
Forests, build a random
SPN structure. This can
be done in an informed
way or completely at
random
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Unsupervised scene understanding V|20

[Stelzner, Peharz, Kersting ICML 2019, Best Paper Award at TPM@ICML2019] Machine Learning
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https://github.com/stelzner/supair

ICLR | 2020

- - - Eighth International Conference on
U ns u pe leed p hys I cs Iea rn I n g Learning Representations

[Kossen, Stelzner, Hussing, Voelcker, Kersting ICLR 2020]
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Deep Likelihoods for Time Series

[Yu, Kersting 2020 to be submitted]
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behavior but also adapts in response to what is learned  :xiv:2001.05371 2020]
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Open Al systems
that are easy to
realize and
understandable for
the domain experts

»1ell the Al when it is
right for the wrong

reasons and it adapts
its behavior”
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mmmm 10p 3 classes predicted are “Electric Guitar” (p = 0.32), “Acoustic guitar”

‘ (p = 0.24) and “Labrador” (p = 0.21)

Teso, Kersting AIES 2019
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All this is
really a team
sport! Let’s
join efforts!
Thanks for
you attention




