- A -
J . O
v
o
»
-
-

L Ty TR YN
L\ 'h.\"\ NLRPTN 9
L4 -

} A Short Tutorial on @
| - 1 Artificial Intelligence, Deep
\— |Learning, and Probabilistic Circuits

Nanina Fohr

10N

‘I Thanks to Pedro Domingos, Christoph Lampert and Constantin Rothkopf for some of the slides

lllustrat

.?Lt'—

py
!.}

44.7 -
e ¢ (—
e
g <
-
l~ B
B el
N

f':?'s")": Al I :*'(‘5?5

LTy beh oo o]
CItL Gugas




The dream of an artificially
Intelligent entity is not new
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The dream of an artificially
intelligent entity i not new

“Jintelligence‘ (Al). In"ordento.prove the

% impossibility of thinking machines, Leibniz

‘é imagines of a machine from whose structure
29l certain thoughts, sensations, perceptions
'_emerge“ __ Gero von Randow, ZEIT 44/2016




Al today

THE ECONOMIC IMPRCT OF

ARTIFICIAL INTELLIGENCE
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But, what
exactly is Al?



The
Definition of Al

,,the science and engineering of
making intelligent machines,
especially intelligent computer

programs.

It is related to the similar task of
using computers to understand

human intelligence, but Al does

not have to confine itself to

methods that are biologically
observable.*

- John McCarthy, Stanford (1956),
coined the term Al, Turing Awardee




Learning Thinking

Al = Algorithms for ...

Behaviour jaElellgle




Machine
Learning

the science "concerned with
the question of how to
construct computer programs
that automatically improve with

experience” .
- Tom Mitchell (1997) CMU § &
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a form of machine
learning that makes
use of artificial
neural networks

Geoffrey Hinton Yann LeCun Yoshua Bengio

Google Facebook (USA) Univ. Montreal (CAN)  Turing Awardees 2019
Univ. Toronto (CAN)




Overall Picture

Deep Machine Artificial

Learning Learning Intelligence




The Seasons of Al

expert systems

neural networks

‘ Peaks of Inflated Expectations

Troughs of Disillusionment

Technology Trigger

1956

Plateau of Productivity

Slope of Enlightenment




What’s dlfferent B R
now than it #1 models are blgger
used to be? #2 we have more data

“#3 we have meore compute power

#4 the systems. actually work for several tasks-




_ But, what
) exactly iIs
Deep Learning?




DeepMind’s AlphaGo puocys

\STADT

Watch NATURE video at https://www.youtube.com/watch?v=g-dKXOIsfo8

Kristian Kersting - A Short Tutorial on Atrtificial Intelligence, Deep Learning, and Probabilistic Circuits n



S8 TECHNISCHE
l5/=\ UNIVERSITAT
90" DARMSTADT

DeepMind’s AlphaGo

a Value network
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Deep policy network is trained to produce probability map of
promising moves. The deep value network is used to prune
the search tree (monte-carlo tree search); so there is a lot of

classical AI machinery around the deep part.

Kristian Kersting - A Short Tutorial on Atrtificial Intelligence, Deep Learning, and Probabilistic Circuits n



And yes, the machine may also learn to CveRor
play other games

O/ DARMSTADT
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Goal of Deep Architectures

High-level semenatical
representations

Edges, local shapes,
object parts

Low level representation

S%%  TECHNISCHE
405/=) UNIVERSITAT
%' DARMSTADT

very high level representation:

MAN] |SITTING

A

... CIC ...

A

slightly higher level representation

4

FaEW mput vector represenialson:

Deep learning methods aim at
= learning feature hierarchies

= where features from higher levels of
the hierarchy are formed by lower
level features.

A7=123119]20 18

Kristian Kersting - A Short Tutorial on Artificial Intelligence, Deep Learning, and Probabilistic Circuits
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Figure is from Yoshua Bengio
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Deep Architectures £ Do

99" DARMSTADT

Deep architectures are composed of multiple
levels of non-linear operations, such as neural
nets with many hidden layers.

Examples of non-linear

Output |ayer activations:

tanh(x)

Hidden layers e
o(x)=1+e™)

max(0, x)

Input layer

In practice, NN with multiple hidden layers work
better than with a single hidden layer.

Kristian Kersting - A Short Tutorial on Artificial Intelligence, Deep Learning, and Probabilistic Circuits n
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Artificial Neural Networks

T |\ SeelE. S \WN L
Inspiration from the brain:

¢ many small interconnected units (neurons)
e learning happens by changing the

strength of connections (synapses)
Frank

Rosenblatt
the sum of the parts

Y I\ N KXwi {12807

e behavior of the whole is more than
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Abstract Neural Unit

2

Inputs Weights Summation and Bias Activation Output

Kristian Kersting - A Short Tutorial on Atrtificial Intelligence, Deep Learning, and Probabilistic Circuits n
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Commonly, neurons are encoded as @
Sigmoid Unit (but other units are possible) =~ "™

Xg="1

W
‘W\I@VO a=§:i=0n W; X; y=G(a)= 1/(1+e-a)
o — —e

o(x) is the sigmoid function: 1/(1+e™)
do(x)/dx= o(X) (1- o(X))

For training, derive gradient decent :
e one sigmoid function

OE/ow; = -2.5(tP-y) y (1-y) xP
e Multilayer networks of sigmoid units
use backpropagation

Kristian Kersting - A Short Tutorial on Artificial Intelligence, Deep Learning, and Probabilistic Circuits n



Gradient Descent Rule for Sigmoid ¢ s
Output Function
c¢  sigmoid EP[wWy,...,Wp] = V2 (tP-yP)?

_f- OEP/ow, = ofow, Vs (P
> — 8/8W| /2 (tp' G(Zi Wi, Xip))z
5’

) = (tP-yP) o (& Wi XP) (-XP)

for y=c(a) = 1/(1+e?)
_/\‘ c (a)= e?/(1+e?)’=c(a) (1-c(a))

a
Wi= W + Aw; = w; + a Y(1-y)(tP-yP) P

Kristian Kersting - A Short Tutorial on Artificial Intelligence, Deep Learning, and Probabilistic Circuits n



Build (feedforward) Multi-Layer Networks
by sticking together units

(D output layer

A

o]

hidden layer

input layer

""é'«’k TECHNISCHE

a?%-»

/{ ’-‘, UNIVERSITAT
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Training-Rule for Weights to the Output ¢ s
Layer

’€  DARMSTADT

EP[w;] = V2 % (tP-yiP)?

\ 8Ep/8 — 5/8 1/2 ZJ (tjp'Yjp)z

= - Yjp(l'ypj)(tpj'ypj) XiP

Aw; = o YP(1-yP) (TyyP) xP
= SJP Xip
with 8P := yP(1-yP) (1Y)

Kristian Kersting - A Short Tutorial on Artificial Intelligence, Deep Learning, and Probabilistic Circuits n



Training-Rule for Weights to the Output a,,é, DNV AT
Layer N

Credit assignment problem:
No target values t for hidden
layer units.

\
Xk/// \ / N

\
¢ s o
\ / Ok = Zj Wik 61' y; (1-y;)
Wii
: S S AW = o XP(1-%P) 8P XiP

Error for hidden units?

Kristian Kersting - A Short Tutorial on Artificial Intelligence, Deep Learning, and Probabilistic Circuits n



Training-Rule for Weights to the Output ¢ s

Y9’ DARMSTADT

Layer
51" £ EP[w] = V2 Z; (EP-y;P)?
< V\ /V*

PN GBrfowg = fowy V2 3 (EP-yP)?
MR NI =0/oWy; V2Z; (tP-o(Z Wik XiP))?
a’ Sy H @ =0/oWy; V2Z; (tP-o(Z Wik o(ZWyi XP)))?

/ = -2 (§P-y) o5(a) Wi 0" (@) xP
_Wk = -Zj 8j Wik G’ (@) XP

@ @ - -2 &5 Wi X (1-X) XP

AW = a & XP with & = ; &; Wy Xi(1-X)

Kristian Kersting - A Short Tutorial on Artificial Intelligence, Deep Learning, and Probabilistic Circuits n



%% TECHNISCHE

BaCkprOpagation g%:{,” gxkv&zi%l

2

Backward step:
propagate errors from
output to hidden layer

e

Wi
X

‘ ‘ Forward step:

| Propagate activation
from input to output layer

Kristian Kersting - A Short Tutorial on Artificial Intelligence, Deep Learning, and Probabilistic Circuits n
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Deep Convolutional Networks CNNs

Compared to standard neural networks with
similarly-sized layers,

= CNNs have much fewer connections and
parameters

= and so they are easier to train

= and typically have more than five layers (a
number of layers which makes fully-
connected neural networks almost impossible
to train properly when initialized randomly)

LeNet, 1998 LeCun Y, Bottou L, Bengio Y, Haffner P: Gradient-Based Learning Applied to Document Recognition, Proceedings of the IEEE

AlexNet, 2012 Krizhevsky A, Sutskever I, Hinton G: ImageNet Classification with Deep Convolutional Neural Networks, NIPS 2012

Kristian Kersting - A Short Tutorial on Atrtificial Intelligence, Deep Learning, and Probabilistic Circuits n



You start with convolutional layers

Preview: ConvNet is a sequence of Convolutional Layers, interspersed with
activation functions

32
CONV, CONV, CONV,
RelLU RelLU RelLU
e.g.6 e.g. 10
oX5x3 OX5X6
32 filters filters
3 S=1,P=0 6 s=1,p=0 10

Kristian Kersting - A Short Tutorial on Atrtificial Intelligence, Deep Learning, and Probabilistic Circuits n



Where is RelLU?

« Non-linear activation function are applied per-element  Other examples:

 Rectified linear unit (ReLU): tanh(x)

= max(0,x) ’
= makes learning faster (in practice x6) bt
= avoids saturation issues (unlike sigmoid, tanh) : .
= simplifies training with backpropagation
= preferred option (works well)

-0.5+

15 0 5

sigmoid(x)=(1+eX)-1

FORix)

Kristian Kersting - A Short Tutorial on Atrtificial Intelligence, Deep Learning, and Probabilistic Circuits n



Then you pool to reduce complexity

RELU RELU RELU RELU  RELU RELU
CONVlCONVl comvlcomvl CONVlCONVl

e b e R e

Z 1B
= =
= =
- =
< 2| |
=
= 3
= =
= =
= 2

LI PP 1R T J.0) |
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Max Pooling

Single activation map

A

1112 | 4
max pool with 2x2 filters
5| 6 |7 |8 and stride 2 6 | 8
3121110 3| 4
1123 | 4
Alternatives:

= sum pooling
= overlapping pooling

Kristian Kersting - A Short Tutorial on Atrtificial Intelligence, Deep Learning, and Probabilistic Circuits n



Finally some fully connected layers

Contains neurons that connect to the entire input
volume, as in ordinary Neural Networks:

Output layer

Hidden layer

Hidden layer

neurons between two adjacent layers are fully
pairwise connected, but neurons within a single layer
share no connections

Kristian Kersting - A Short Tutorial on Atrtificial Intelligence, Deep Learning, and Probabilistic Circuits n




NATUTCINSIGHT

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

Neural Networks ..
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NATUICINSIGHT
MACHIN

Potentlally much more powerful than shallow
architectures, represent computations

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

92.50
90.00
87.50

85.00
82.50

P
VGG
Accuracy

80.00
77.50

eses RCLU. .I-‘-).l)“
72.50

*+ Tanh* 90.60
svss  Swish® 90.00

.- Leaky ReLU' 89.40
83.80

LeNet
Accuracy

87.60
87.00
86.40

E2E-Learning Activation Functions ESE| B[
[Molina, Schramowski, Kersting arxiv:1901.03704 2019]

https://qithub. com/rhl-research/pau



https://github.com/ml-research/pau

......

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 2019] ﬂ;lsunde.s aaaaa i



NATUICINSIGHT

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

1.0 0.8
%)
© 20.7
: Ny
be O 5 30.6 [
< " - [
- 405 §
a |§ |=== Gradient Descent 2
(o) — 2 LCV 0.4 —— FWNet as attention layer
b= ---- Gradient Descent (ADAM)
0 1000 2000 1 5 9 13
Step Epoch PoVLk Uy, k1 V1, kH

They “invent” constrained optimizers DePhenSe

ﬂ? Bundesanstalt fiir
Landwirtschaft und Ernéhrung

[Schramowski, Bauckhage, Kersting arXiv:1803.04300, 2018]



They are not human!

Current Biology

« Prvowveing Ataw Volume 27, ssue Y8, pRIT- 3812 2l 19 September 2017 Mo ATuve >
REPORT Swich = Suaandard? Viow
Humans, but Not Deep Neural Networks, Often Miss Giant Targets in
Scenes

[3 ) . S AA 4




Fundamental Differences

+.007 x

“panda” “nematode” “gibbon™
57.7% confidence 8.2% confidence 99.3 % confidence

Google, 2015

REPORTS PSYCHOLOGY

Semantics derived automatically from language
corpora contain human-like biases

Aylin Caliskan'-", Joanna J. Bryson'", Arvind Narayanan'’
+ See all authors and affiliations

Science 14 ;'\"2' 2017
Vol 356, Issue 6334, pp. 183-186
DO 10.1126/science aal4230

Brown et al. (2017)



However, they can
also help us on the
quest for a ,,good” Al

How could an Al programmed
by humans, with no more
moral expertise than us,
recognize (at least some of)
our own civilization’s ethics as
moral progress as opposed to
mere moral instability?
nteligence Cambridge 1 lere

\
r\,l
-
-

Handbook of Artificial -
Intelligence, 2011 -b' /‘

Nick Bostrom

Eliezer Yudkowsky

MACHINE INTELLIGENCE
RESEARCH INSTITUTE




The Moral Choice Machine
Not all stereotypes are bad| _

: oo -] ®
m o AAAI / ACM conference on DTN S el
[Jent?SCh’ Schramowski, Rothkopf, .xz’z. ARTIFICIAL INTELLIGENCE, ® ) ° cson
Kerstmg AIES 201 9] a 'f. ETHICS, AND SOCIETY xing M.__. g °

s L
B S

Male-Female Verb tense

Generate embedding for new
o i : question ,,Should I ... ?“

Embedding of Embedding of
,»Yes, | should“ ,No, | should not"*

mp
B 0. «hereabouts on your body ia the lump?
leg

i @ Calculate Calculate
cosine similarity cosine similarity

N

Report most J

similar asnwer




[Jentzsch, Schramowski, Rothkopf,

The Moral Choice Machine «esing Aeszoie

J AAAIl /| ACM conference on

Not all stereotypes are bad I,ixz o
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05:10 Min.
https.//www.hr-fernsehen.de/sendungen-a- P 0 :
s/hauptsache-kultur/sendungen/hauptsache- Der Hamster gehort nicht in den Toaster - Wie Forscher von der TU

kultur,sendung-56324.html Darmstadt versuchen, Maschinen ... [Videoseite]
hauptsache kultur | 14.03.19, 22:45 Uhr
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DNNs often have no probabilistic

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

calibrated joint distributions.

MNIST SEMEIO
39L\V9 5602/ 8 Ly | o , 5
§9/7/7A5000 64
70636370
3777460 [ 2
2934939¢212¢
/6qQF3 6573
3 19/58§0#¢Y
sS&eLELEBS 8 899
37704 ¢ 3543
1961062 23 .

Train & Evaluate Transfer Testing
[Bradshaw et al. arXiv:1707.02476 2017]
— MNIST

5 SVHN
g 20 SEMEIOR Many DNNs cannot
© % - g .
= = distinguish the
= 1074

datasets

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



Second wave of Al

Data are now ubiquitous; there is great value from under-
standing this data, building models and making predictions

However, data is not everything

Kristian Kersting - A Short Tutorial on Artificial Intelligence, Deep Learning, and Probabilistic Circuits n



Third wave of Al

Data are now ubiquitous; there is great value from under-
standing this data, building models and making predictions

However, data is not everything

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

Kristian Kersting - A Short Tutorial on Atrtificial Intelligence, Deep Learning, and Probabilistic Circuits




The third wave of deep learning

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

Kristian Kersting - A Short Tutorial on Atrtificial Intelligence, Deep Learning, and Probabilistic Circuits n



Let us borrow ideas from
deep learning for probabilistic
graphical models

Judea Pearl, UCLA
Turing Award 2012



N
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 - A Short Tutorial on Artificial Intelligence, Deep Learning, and Probabilistic Circuits n



Alternative Representation:
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Graphical Models as (Deep) Networks

Xi

X5

P(X)

1 1 0.4
1 0 0.2
0 1 0.1
0 0 0.3

P =0.4 - 1[X,=1]
I[X,=1
X, =0
X, =0

+0.2 -

+ 0.1
+0.3

[X=1]
[X=0
A[X=1"
[X=0

Kristian Kersting - A Short Tutorial on Artificial Intelligence

, Deep Learning, and Probabilistic Circuits



Alternative Representation:
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Graphical Models as (Deep) Networks

X; | Xz | P(X)
1| 1| 04
1| o] 02
0| 1] 01
0| 0] 03

P(X) = 0.4 - 1[X,=1] - [[X,=1]
[X=0
A[X=1
[X=0

+ 0.2 -
+ 0.1
+0.3

I[X,=1
. AZ_XIZO_
- [[X;=0]

Kristian Kersting - A Short Tutorial on Artificial Intelligence

, Deep Learning, and Probabilistic Circuits



Shorthand using Indicators

X; | Xz | P(X)
1| 1] 04
1| o] 02
0| 1] 01
0| 0] 03

PX)=04 X, - X,
+02-X; - X,
+0.1-X,- X,
+03-X, - X,

é«’k TECHNISCHE

’*/{* UNIVERSITAT
7 DARMSTADT
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%%  TECHNISCHE

Summing Out Variables W et

Let us say, we want to compute P(X;=1)

XI XZ P(X) P(e) — 0.4 . Xl . XZ
1| 1] 04 102X, .)—(2
1| o | 02 _
0| 1| o1 +0.1 ')_(1 {2
0|0 03 +0.3-X - X,

Set X,=1,X,=0/X,=1,X,=1

~

{ Easy: Set both indicators of X2 to 1

J

Kristian Kersting - A Short Tutorial on Artificial Intelligence, Deep Learning, and Probabilistic Circuits n



S%%  TECHNISCHE

This can be represented as a @ b
computational graph

X; | Xz | P(X)
1| 1| 04
1|0 | 02
0| 1| 01
0| 0] 03

network polynomial

Kristian Kersting - A Short Tutorial on Artificial Intelligence, Deep Learning, and Probabilistic Circuits n



%% TECHNISCHE

However, the network polynomial of a | £
distribution might be exponentially large

Example: Parity
Uniform distribution over states with even number of 1’s

Kristian Kersting - A Short Tutorial on Artificial Intelligence, Deep Learning, and Probabilistic Circuits n



Make the computational graphs deep

90" DARMSTADT

Example: Parity
Uniform distribution over states with even number of 1’s

Induce many
hidden layers

Reuse partial computation

Kristian Kersting - A Short Tutorial on Artificial Intelligence, Deep Learning, and Probabilistic Circuits n



[Poon, Domingos UAI'11; Molina, Natarajan, Kersting AAAI'17]

Principled approach to selecting (Tree-)SPNs

Testing independence using a
(non-parametric) independency test

Word

Word Counts

D,

Documents

Kristian Kersting - A Short Tutorial on Artificial Intelligence, Deep Learning, and Probabilistic Circuits n



[Poon, Domingos UAI'11; Molina, Natarajan, Kersting AAAI'17]

Principled approach to selecting (Tree-)SPNs

Testing independence using a
(non-parametric) independency test

[Zeileis, Hothorn, Hornik Journal of Computational

And Graphical Statistics 17(2):492-514 2008] rd In general use the

independency test for

E.g. for Poisson RVs: your random variables
at hand such as g-test

for Gaussians

Learn Poisson model
trees for P(x|V-x) and
P(y|V-y). Check

whether X resp. Y is

significant in P(y|V-x)
resp. P(x|V-y)

Word Counts

D,

Documents

Kristian Kersting - A Short Tutorial on Artificial Intelligence, Deep Learfling, and Probabilistic Circuits n



[Poon, Domingos UAI'11; Molina, Natarajan, Kersting AAAI‘17]

Principled approach to selecting (Tree-)SPNs

Testing independence using a
(non-parametric) independency test

In general some
clustering for your rd
random variables at
hand such as kMeans
for Gaussians

Mixture of
Poisson
Dependency
Networks or
random splits

Word Counts

=D,

Documertts

Kristian Kersting - A Short Tutorial on Atrtificial Intelligence, Deep Learfling, and Probabilistic Circuits n




[Poon, Domingos UAI'11; Molina, Natarajan, Kersting AAAI'17]

Principled approach to selecting (Tree-)SPNs

Testing independence using a
(non-parametric) independency test

Clustering or
random splits

keep growing
alternatingly
and + |layers

Documertts

Kristian Kersting - A Short Tutorial on Atrtificial Intelligence, Deep Learfling, and Probabilistic Circuits



Random sum-product networks

[Peharz, Vergari, Molina, Stelzner, Trapp, Kersting, Ghahramani UAI 2019]

A B UNIVERSITY OF

o e “ Jintelligent Systems|liEi < /2 Conference on Uncertainty in Artificial Intelligence
7 CAMBRIDGE &= %0 Tel Aviv, Israel o 0
Y : July 22 - 25, 2019 .
3.¢ UBER Al Labs UNI uai2019

Similar to Random
Forests, build a random
SPN structure. This can
150 O30 O50 B R0 G BT G be done in an informed
FARNEAEY FATEARY FARNEAEY EAENEAEs)  way or completely at

AP NI AT OIE IR AL AT %) {XaNe) [X3) XX (X)) AR NI AR A

RAT-SPN MLP ML ra n d o m
MNIST ,w,:,ul,, 'u"\\f" 'vui'}o; 10"3 I MNIST

g' EMNIST 952 :“.)?al,\. g;&' a R SVHN = .

e B0 S0 M 5 17| mm semeioN | TAL>T7473 6 4 outliers

e s o U0 | ‘ l 710641990 b g prototypes

iy - .

© 7T aw e ome ~200000 —150000 —~100000 —50000 0 ..mff'J' outliers
input log likelihood TANAR 1 M A prototypes

SPNs can have

i dicti
similar predictive SPNs know when they do

performances as SPNs can distinguish the

(simple) DNNs not know by design

datasets




[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]

FLED SPFlow: An Easy and Extensible Library
®W for Sum-Product Networks £ i booor o o
p . g wrvensi or Kersting arXiv:1901.03704, 2019]
Proiannn @ W:TERLOO oa MADESI
A UNIVERSITY OF VECTOR

Federal Minist
<¥ CAMBRIDGE INSTITUTE DFG R ‘ of Educaion
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0 198 comemits V 2 branches 0 ‘vieases AL 6 contrib

Rranch master » New pul 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,
from 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 .
:; ;r‘:?fct((;j'lgaﬁ?oncal([[?p:: sl?]), scope=1), Categorical(p=[0.6, @.4), scope=2)]) Compllatlon Of SPNS Into TF
2 =P children={ Wp=[0.2, 0.8], scope=8), ] -
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

SPFiow, an open-source Python ibrary providing a simple mterface 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 domain spedfic language (DSL). it efficiently implements several probabilstc inderence

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



[Sommer, Oppermann, Molina, Binnig, Kersting, Koch ICDD 2018]

TABLE I

PERFORMANCE COMPARISON. HEST IND-TO-END THROUDGHPUTS (T EXCLUDING THE CYCLE COUNTER MEASURFEMENTS, ARE DENOTED BOLD,

Dataset Rows cPu TCrue CPUF T-CPUF oGP T4GPU FIGA

(jen) Lrows) (s (rowm (a8 ) (rowsS Cyele
Jes) jis) jes) Coumter
Accidents 17009 | 279827 787 | snon ad 0 17249
Audio 20000 4271.78 5. M7
Netflix 20000 489222 4. o
MSNBC200 =343 | 1547005 30, LS00
MSNBCMN 83434 | 1006078 41, ISSX10
NLICS 21574 791.80 31 - 21904
Mants 21215 o221 52104 659 | 67004 41 035 218092
NIPSS 10000 2511 57 170,23 $210.8 1.22 10256
NIPSIO 10000 im0 .3 11880 | 1158052 057 10279
NIPs20 10000 191.%0 5227 15273 18689 04 0.54 10235
NiPsw 10000 x70 25830 40.54 2555591 0.39 1038
NIPs40 10000 S51.64 18,13 471,26 S N0L49 032 10300
NIPSS0 10000 81244 12.31 792,13 22 3635540 0.28 10559

NIPSs0 10000 104638 0.56 66253 1509 | 40778 % 025 1227
NIPST0 10000 | 114817 871 11380 K81 | 4675926 0.21 14002
NIPSsso 100K 155699 Ha 1277 .81 783 | 63217 DRI 14275

FPGAC T-FPGAC  FPGA  T-FPGA
(ps) (rowsy TR (rowy/
jas) jas)
4
26,28
MLSS
77.5%
78,74
A8.12
11796 196,80 17800 2084
5118 195.59 3357 W Ny
$1.40 194,57 4064 30 21.54
S1.43% 194,46 S4ieD 18.40
S180 19100 2w 1685
S1.53 100 6320 1582
250 15941 72060 13ss |
H1.36 16299 790 51
N 14263 K58 a0 11.65
T84 127.37 061 8D

How do we

learning offshore?

MARESI
7 I Federal Ministry

of Education
and Research



Prlvate Set Intersectlon

Special Purpose Protocols Genenc Protocols
Arlthmetlc Circuit Boolean Circuit
Homomorphic Encryption / GMW

Public Key Crypto >> Symmetnc Crypto >> One-Time Pad

There are generic protocols to
validate computations on
authenticated data without
knowledge of the secret key

#HH# DNA MSPN #HH
Gates: 298208 Yao Bytes: 9542656 Depth: 615

#HH# DNA PSPN ##HH
Gates: 228272 Yao Bytes: 7304704 Depth: 589

#HH NIPS MSPN ##HHE
Gates: 1001477 Yao Bytes: 32047264 Depth: 970

Privacy-preserving sum-product network
[Molina, Weinert, Treiber, Schneider, Kersting, submitted 2019]




Putting a little bit of structure into SPN models
allows one to realize autoregressive deep models

akin to PixelCNNs [van den Oord et al. NIPS 2016]

Learn Conditional SPN (CSPNs) by non-parametrlc
conditional independence testing and conditional

clustering [Zhang et al. UAI 2011; Lee, Honovar UAI 2017; He et
al. ICDM 2017; Zhang et al. AAAI 2018; Runge AISTATS 2018]

encoded using gating functions

Conditional SPNs

[Shao, Molina, Vergari, Peharz, Liebig,
Kersting TPM@ICML 2019]

2o DEG

chain rule of
probabilities

CSPN P(k|k 1)

gating functions

gl(x




T

Gating funtions
encoded as deep

network Doy Feed Farwand (0FF)

Learn Conditional SPN (CSPNs) by non-parametric  9ating functions
conditional independence testing and conditional

clustering [Zhang et al. UAI 2011; Lee, Honovar UAI 2017; He et
al. ICDM 2017; Zhang et al. AAAI 2018; Runge AISTATS 2018]

encoded usina aatina functions

Conditional SPNs

[Shao, Molina, Vergari, Peharz, Liebig,
Kersting TPM@ICML 2019]
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Data collection
Deployment and preparation
Mind the

Continuous? Discrete?

LA data science et i

How to report results? IOO p Multinomial? Gaussian?
What is interesting? Poisson? ...

Kristian Kersting - A Short Tutorial on Atrtificial Intelligence, Deep Learning, and Probabilistic Circuits n



[Molina, Natarajan, Vergari, Di Mauro, Esposito, Kersting AAAI 2018]

Distribution-agnostic
Deep Probabilistic Learning

Afinished Educations -
No of unfinishe Use nonparametric
Age S v independency tests
e and piece-wise linear
approximations
1Q
Satisfacﬁﬁ“T'eatment aas
Satisfaction,Med'\caf‘O“ 0.004. = PWL, A=g; |

" PWL, A=5¢ |
GaUSSian |

m—

—— 0.002.

e —
T ——

Kristian Kersting - A Short Tutorial on Artificial Intelligence, Deep Learning, and Probabilistic Circuits n



[Molina, Natarajan, Vergari, Di Mauro, Esposito, Kersting AAAI 2018]

Distribution-agnostic
Deep Probabilistic Learning

No of unﬁnished Educations

Use nonparametric

Age o sstddion Work | independency tests
oINS . and piece-wise linear
: approximations
1Q
Satisfacﬁoﬂ'Tteatment b | ——
satistactionMedication . | o0.004 | \PWL, =01 |

/ﬂ’// D 00 l.'.jl._ :::Vvt'j\\:; '1
However, we have to provide the
statistical types and do not gain insights
into the parametric forms of the variables.

Are they Gaussians? Gammas? ...



Federal Ministry
[Vergari, Molina, Peharz, Ghahramani, Kersting, Valera AAAI 2019] ey DFG MADESI % ‘ S

The Explorative Automatic Statistician
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=

missing
value

E A

We can even
automatically oo R
discovers the @O

statistical types and
parametric forms of
the variables

d =] HJ

Bayesian Type Discovery Mixed Sum-Product Network  Automatic Statistician




with few expert input ...

Exploring the Titanic dataset

describes the dataset Titanic and contains
. ,.t - 3O T ateyn .;—.-\ » 7 r

n ana |'.:" v

This report
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...and can c '
ompile data reports automaticall
y



*[Baehrens, Schroeter, Harmeling, Kawanabe, Hansen, Muller JMLR 11:1803-1831, 2010]

That is, the machine understands the data
with few expert input ...

| Explanation
. yector” .
‘ | Il linear time 1N the
g | | gizre of the SPN)
20,1251 | showind ;he
L 1 | jmpact 0
2 | | ngender” on the
e . chances of
5 0.073 | suw-‘\,a\ for the

| Titanic dataset

and can compile data reports automatically



Unsupervised scene understanding

[Stelzner, Peharz, Kersting ICML 2019, Best Paper Award at TPM@ICML2019] https://github.com/stelzner/supair
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Consider e.g. unsupervised scene &'}f;v N Y W IEONES "% s 0w w0
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’ &
understanding using a generative model e 2 Sy (a) MNIST (b) Sprites
implemented in a neural fashion C A0 o0
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[Attend-Infer-Repeat (AIR) model, Hinton et al. NIPS 2016] (¢) Noisy MNIST (d) Grid MNIST
VAE SPN original
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https://github.com/stelzner/supair

Thanks to all students of the
Research Training Group "Atrtificial

To summarize, DL is
great. But Al is harder

Intelligence - Facts, Chances, Risks® s than you think. The

of the German National Academic
Scholarship Foundation. Special
thanks to Maike Elisa Miiller and
Jannik Kossen for taking the lead
and to Matthias Kleiner, president
of the Leibniz Association, for his
preface
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