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My team and | in the Machine Learning
lab would like to make computers learn so @IS
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2013:
2012:;
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Professor (W3) for Machine Learning at the CS Department of the TU Darmstadt, Germany

Associate Professor (W2) for Data Mining at the CS Department of the TU Dortmund University, Germany

Assistant Professor (W1) for Spatio-Temporal Pattern in Agriculture at the Faculty of Agriculture of the University of Bonn, Germany
Fraunhofer Attract research group leader at the Fraunhofer IAIS, Germany

PostDoctoral Associate at MIT CSAIL, USA, working with Leslie Kaelbling, Josh Tenenbaum, and Nicholas Roy.

Ph.D. student at the CS Department of the University of Freiburg, Germany, working with Luc De Raedt (supervsior) and Wolfram Burgard.
Diploma in Computer Science at the CS Department of the University of Freiburg, Germany
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Deep Probabilistic Learning 3_¢ UBER Al Labs
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Data are now ubiquitous; there is great value from under-
standing this data, learning models and making predictions

However, data and learning are only two pieces in the Al puzzle

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

Kristian Kersting - Deep Machines that know when they do not know
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Potentlally much more powerful than shallow
architectures, represent computations

[LeCun, Bengio, Hinton Nature 521, 436—444, 2015]

| SHARE  REPORTS PsycHOL

-:'i O Semantlcs derlved automatically from language
| corpora contain human-like biases

o Aylin Caliskan'", Joanna J. Bryson «", Arvind Narayanan'-

@

+ See all autho d affiliati

They “capture” stereotypes from human language



05:10 Min.
Der Hamster gehart nicht in den Toaster - Wie Forscher von der TU
Darmstadt versuchen, Maschinen ... [Videoseite]

hauptsache kultur | 14.03.19, 22:45 Uhr

The Moral Choice Machine

Dos  WEAT Bias Don’ts  WEAT Bias S
smile 0.116 0.348 rot -0.099 -1.118

sightsee  0.090 0.281 negative -0.101 -0.763

cheer 0.094 0.277 harm -0.110 -0.730 :

celebrate 0.114 0.264 damage -0.105 -0.664 Moral Bias = . Cosine Similarity . Cosine Similariy
picnic 0.093 0.260 slander -0.108 -0.600 ;

snuggle  0.108 0.238 slur -0.109 -0.569

But lucky they also “capture”

AAAI /| ACM conference on

our moral choices | -
[Jentzsch, Schramowski, Rothkopf, Kersting AIES 2019] ::,;x} el Ao e




DNNs often have no probabilistic

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

calibrated joint distributions.
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Train & Evaluate Transfer Testing
[Bradshaw et al. arXiv:1707.02476 2017]
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datasets

-100 0 100 200
Input log ,likelihood® (sum over outputs)
[Peharz, Vergari, Molina, Stelzner, Trapp, Kersting, Ghahramani UAI 2019]



The third wave of
differentiable programming

Getting deep systems that
know when they do not know
and, hence, recognise new
situations and adapt to them

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



This results in Sum-Product
Networks, a deep probabilistic

learning framework
B i

Darwiche
UCLA

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

Inference is linear in size of network

Kristian Kersting - 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]

FLED SPFlow: An Easy and Extensible Library
®W for Sum-Product Networks [0/ Ve Stelzner Penar
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Rranch master » New pull reguest Creste rew e Upiced fles Find *le m
https://github.com/SPFlow/SPFlow

rom spn.structure.leaves.parametric.Parametric import Categorical - 'f' L
- Domain Specific Language,
rom spn,.structure.Base import Sum, Product
rom spn.structure.base import assign_ids, rebuild_scopes_bottom_up Inference, EM, and MOdeI
Selecti |
p@ = Product(children=|Categorical(p=[0.3, 9.7], scope=1), Categoricall(p=(0.4, 0.6], scope=2)]) e ec .Ion. as We as .
:; :Lr‘:?t:ct(mj'lga:}.‘?oncal(, [?p;: sl?]), scope=1), Categorical(p=[0.6, @.4), scope=2)]) Compllatlon Of SPNS Into TF
2 = P children=| 1 [6.2, 0.8], scope=d@), ] -
5 o e teateor a2, ocen, e, e 0, en AN PYTOrch and also into flat,
p4 = Product(children=[p3, Categorical(p=[0.4, 9.6], pe=2)]) . .
library-free code even suitable
FRAeA1s Ao ot om. e for running on devices:

o C/C++,GPU, FPGA

SPFow, an open-source Python fbrary 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

sn.tman llia casvna. titon sanssn'.snles sscndpsnale sed lavasscioatro snast sesanbhabla svalasnat s NINT A dlace wish sascealw



Random sum-product networks

[Peharz, Vergari, Molina, Stelzner, Trapp, Kersting, Ghahramani UAI 2019]
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UNI July 22 - 25, 2019 uai2019
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Federal Ministry

[Vergari, Molina, Peharz, Ghahramani, Kersting, Valera AAAI 2019] ey DFG MADESI % ‘ grflg(:?uecsaete;?cnh
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with few expert input ..
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Unsupervised scene understandlng

[Stelzner, Peharz, Kersting ICML 2019]
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Consider e.g. unsupervised &-;-ff‘ * 4
scene understanding using | 7.> !

] » - ALY . .
a generative model Nl ) (c) Noisy MNIST (d) Grid MNIST

[Attend-Infer-Repeat (AIR) model, Hinton et al. NIPS 2016]
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Replace VAE by SPN

result
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Statistical Relational
U N I Artificial Intelligence
Logic, Probability,
and Computation
A TECHNISCHE David Poke
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Responsible Al Open Al systems
systems that explain that are easy to
their decisions and realize and
co-evolve with the understandable for
humans the domain experts

Getting deep
systems that reason
and know what they

don’t know

Toll the Al wh -.- Teso, Kersting AIES 2019
nl€ the when It IS - ‘o= ® AAAI /| ACM conference on
right for the wrong sy 0000 .tg’xx. ARTIFICIAL INTELLIGENCE,

reasons and it adapts I B o b e b e e ETHICS; AND SOCIETY

(p = 0.24) and “Labrador” (p = 0.21) o o
ist behavior” v




e tileste
Human algorlthmsqt_eaches I a lot

The twin science: cognitive science
"How do we humans get so much from so little?" and by that
| mean how do we acquire our understanding of the world

given what is clearly by today's engineering standards so little
data, so little time, and so Ilttle energy

' i Jeket. 3
.
. o= - e & H LA_ : 2
- - Centre for Cognitive Science at TU Darmstadt
| Establishing cognitive science at the Technische Universitit Darmstadt is a long-term commitment across Centre f
] multiple departments (see Members to get an impression on the interdisciplinary of the supporting groups m Cogpniti
and departments). The TU offers a strong foundation including several established top engineering groups in Science

{ Germany, a prominent computer science department (which is among the top four in Germany), a
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Josh Tenenbaum, MIT

Lake, Salakhutdinov, Tenenbaum, Science 350 (6266), 1332-1338, 2015
Tenenbaum, Kemp, Griffiths, Goodman, Science 331 (6022), 1279-1285, 2011
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