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The dream of Al is not new

oS Talos an ancient mythlcal

-y‘
»;

automaton W|th art|f|C|aI mtelhgence S




Al seems to have many faces
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alNIERE
are

smart

https://www.youtube.com/watch?v=
XQ79UUI0eWc



https://www.youtube.com/watch?v=XQ79UUIOeWc

Al asks, can
machines be
smart, too?

,,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




1956 — The Birth of Al
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Learning Thinking

Al = Algorithms for ...

Robotic




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)
Univ. Toronto (CAN)
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Al does the
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&7




)

Y\

$24,000

X")

(,\)ho 15 Stoker? Wwho s Bram

onE WELIONS due Stoker?
Q S:. LAt OVidLalig)

%), 000 $17,973

AI knows a Iot







TECHNISCHE
UNIVERSITAT
DARMSTADT

Schachmatt durch ,CrazyAra™
Kiinstliche Intelligenz schldgt mehrfachen Weltmeister im Einsetzschach

Der von den TU-Studierenden Johannes Czech, Moritz Willig und Alena Beyer entwickelte Bot
LLrazyAra"™ hat den Schachprofi Justin Tan in einem Online-Match der Schach-Variante
JCrazyhouse™ mit 4:1 geschlagen. Gelernt hat der Bot mittels kiinstlicher neuronaler Netze,
was ihm erfaubt, vorausschauend Entscheidungen zu treffen. Das Besondere: Die Studierenden
konnten damit einen Erfolg auf einem Feld feiern, das sonst von Giganten wie Google dominiert
wird,
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Al assists you
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EHRs are dirty and interconnected

%PatientlD Gender Birthdate o PatientID Date Physician Symptoms  Diagnosis

= ©

r= 3/22/63 ; Pl |/1/01  Smith  palpitations hypoglycemic
'% § Pl 2/1/03 Jones fever, aches influenza

(a

gsult  PatientlD SNP|
é |8od glucose 42 e P AA  AB
o

l.% Pl 1/9/01 blood glucose & P2 AB BB

g PatientlD Date Prescribed Date Filled Physician edication Dose/ Duration
a

§ Pl 5/17/98 5/18/98 Jones prilosec g 3 months
o

(a
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Natarajan, Khot, Kersting, Shavlik. Boosted Statistical Relational Learners. Springer Brief 2015

Boosted Statistica

Understanding Electronic Health Records|
Atherosclerosis is the cause of the majority of
Acute Myocardial Infarctions (heart attacks)
Left—True

Logical Variables Right - False

(Abstraction) Rule/Database view

age_bw(a,35,45,7) g (_Smoke(a,No.5)
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. .
C hol_bw(,.200400,7) I Plague in the left
coronary artery

C_Moladon) > [Circulation; 92(8), 2157-62, 1995;
JACC; 43, 842-7, 2004]
, _ig_bw(3,100,1000,5)

0.79

- 0.2 0.830 Algorithm | Accuracy | AUC-ROC [The higher,
PrObablhty J48 0.667 0.607 the better
* 0.8 0.97 0.8 SVM 0.667 0.5
AdaBoost | 0.667 0.608
Cage bw(a,30355) Bagging | 0.677 0.613
/\ NB 0.75 0.653
RPT 0.669*% 0.778 25%
0.25 RFGB 0.667* 0.819
Algorithm Likelihood AUC-ROC AUC-PR Time
for Mini,r\]g tMartov Logic The higher, the better The higher, the better The higher, the better The lower, the better State'Of'the'art
eltworks
Boosting 0.81 ]11% 0.96 ] 28% 0.93 ]50% 9s ] 37200x
LSM 0.73 0.54 0.62 93 hrs o faster

[Kersting, Driessens ICML 08; Karwath, Kersting, Landwehr ICDM 08; Natarajan, Joshi, Tadepelli, Kersting, Shavlik. IJCAI"11;

Natarajan, Kersting, Ip, Jacobs, Carr IAAl "13; Yang, Kersting, Terry, Carr, Natarajan AIME "15; Khot, Natarajan, Kersting, Shavlik
ICDM"13, MLJ"12, MLJ 15, Yang, Kersting, Natarajan BIBM 17]
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https://www.youtube.com/watch?v=sdUHX72qxeY

Current Biology

« Pyveveing Ataw Volume 27, ssue Y8, pRIT- 3812 2l 19 September 2017 Mo ATuve >
R rORT Swich » Suaandar? Vieow
Humans, but Not Deep Neural Networks, Often Miss Giant Targets in
Scenes
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Original Finding Our Finding
Target words Anrih.word.s[r T T ~ ———
= REPORTS PSYCHOLOGY - Ref | N d P Nr Na d P
. - . Flowers vs easant vs S -8 r = & 7
Semantics derived automatically from language insects pl () | 32 1135 | 107 |25x225x2| 1.54 | 10
: : . Instruments vs Pleasant vs s <
corpora contain human-like biases S . © | 32 166 1070 |25x2 | 25x2 | 1.63 | 10~
R P 10 Eur.-American
Aylin Calisk: 2 J. B 47, Arvind N: .
i vs Afr.-American :‘n““‘plm“"f ) | 26 | 117 1075 |32x2 | 25%x2 | 0.58 | 102
names
14 Apr 20 z
3 Eur.-American Pl Vs
vs Afr.-American unol i @ Not applicable 18x2 | 25x2 | 1.24 | 1073
names P
Eur.-American Pleasant vs
vs Afr.-American unpleasant (7 Not applicable 18x2 | 8x2 | 0.72 | 1072
names from (5)
M“‘ﬂ;;ii“’ C:;:i:y"’ @ |39 |072| 102 [8x2|8x2| 18 |10
éﬁ:{y;:;:: o Spyichusscoe ow: Math vs arts fc:a‘l‘f':m © | 28k | 082 | <102 | 8x2 | 8x2 | 097 | 027
Google Photos, y'all fucked up. My friend's not a gorilla. Science vs arts k:ﬂ‘l’f‘::m a0y | 91 [147| 102 | 8x2|8x2 | 124 | 102
2,368 2:22 AM - Jun 29, 2015 T = vs
| S sy 23| 135 [101| 10°* [6x2|7x2 130 | .012
© 3,515 people are talking about this > phy %
AUty P ohd Pleasant vs | g | 4oy | 149 | <102 | 8x2 | 8x2 | —.08 | 0.57
people’s names unpleasant




The 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 - Deep machines that know when they do not know n



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 UDL@UAI 2018]
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Random sum-product networks

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

Build a random SPN
structure. This can be
done in an informed
D BN B B B En B B way or Comp|ete|y at
EAEE EAEE AR EAEY BN EAry EArNEAES random

¥ X X X}

TGOXHNGAT) (XX X X7} (Xa) (XaXe) (XaXal [Xe}  (XoXa) (X7} (XaXe) (Xah (X0 Xe) {XauXe} (X0 X5} (Xa Xe)
RAT-SPN MLP  vMLP - .
MNIST ~ 98.19 9832 98.09 10—3 . MNIST \b -7 ? b OUtllerS
B (85M)  (2.64M)  (5.28M) S
g F-MNIST 89.52 90.81  89.81
3 0.65M)  (9.28M)  (1.07M) 10~4 VHN q / ? q prOtOtypeS
< 20NG 478 49.05 4881 SEMEION

(0.37M) (0.31M)  (0.16M)

MNIST 0.0852 0.0874  0.0974
(17M) (0.82M)  (0.22M)

F-MNIST  0.3525 0.2965  0.325
(0.65M) (0.82M)  (0.29M)

20-NG 1.6954 1.6180  1.6263

e (2M) (02240 —200000 —150000 —100000 —50000 0
input log likelihood

## outliers
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SPNs can have

similar predictive
SPNs know when they do

performances as SPNs can distinguish the

(simple) DNNs not know by design

datasets




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

TABLE I
PERFORMANCE COMPARISON. BEST END-TO-END THROUGHPUTS (T), EXCLUDING THE CYCLE COUNTER MEASUREMENTS, ARE DENOTED BOLD,

Dataset Rows cru TCre CPUF T-CPU¥ GPuU TGPU | FPGA FPGAC  T-FPGAC  FPGA  T-FPGA
(e (rowy/ (ps) (rowm s/ (e (rowsy Cyele (ps) (rowy/ JTEY (row s
Jes) jes) jes) Coumter jas) jas)
Accidents 17009 | 279827 787 | snon ad 0 17249 4.4
Audio 20000 427178 5. 5 37 26,28
Netflix 20000 489222 4. a2 MLSS
MSNBC200 =343 | 1547005 3. L9000 7.5
MSNBCMY 18343 | 1006078 41, ISS%10 78.74
NLICS 21574 791.80 - 31 : 21904 : N2
PMants 21215 o211 52104 659 | 67004 41 035 21592 11794 196,80 17800 2984
NIPSE 10000 25.11 .57 179.23 | 821082 1.22 10256 $1.1% 19550 3570 “=omed
NIPSIO 10000 im0 .3 11880 | 1158052 057 10279 $1.40 194,57 404 30 21.54
NIPs20 1000K) 191.%0 5227 15273 18689 04 0.54 10235 S1.43 194.46 sS4l 18,40
NiPsw 10000 REeE Y 25830 L4084 2555593 0.39 1038 S1.80 19100 W2w 1688
NIPs40 10000 S51.64 18,13 471,26 S N0L49 032 10300 S1.53 194,00 63220 1582
NIPSSo 10000 51244 12.31 9213 2Ll 3635540 028 10559 280 15941 TXI 60 13ss |
NIPS60 10000 | 104638 956 66253 [15.09) 407783 025 1227 61.36 16299  T99.20 231
NIPST0 10000 | 114817 871 11380 K81 | 4675926 0.21 14002 20.11 14263 R48&D 11.65
NIPSsso 100K 155699 Ha 1277 .81 783 | 63217 DRI 14275 88 122,37 061 80

AR
How do we do data o f

science offshore?




Prlvate Setlntersectlon There are generic protocols to
validate computations on
Special Purpose Protocols Genenc Protocols auth enti Cated d ata WIthOUt
l knowledge of the secret key

rithmetic Circuit Boolean Circuit

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

/ #iHH# DNA PSPN ##HH
Gates: 228272 Yao Bytes: 7304704 Depth: 589
HiHHE NIPS MSPN #HHH

Public Key Crypto >> Symmetnc Crypto >>  One-Time Pad Gates: 1001477 Yao Bytes: 32047264 Depth: 970

A
Homomorphic Encryption

Homomorphic sum-product network
[Molina, Weinert, Treiber, Schneider, Kersting 2019]




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

The Explorative Automatic Statistician
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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 ..

This report describes the dataset Titanic and contains
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*Similar to [L
apuschki
kin et al., Nature Communication 10
n 10:1096, 2019
) ] :\77k

The '
machine understands the data

with no expert input ...

| | Exp\anat'\ons*
(computab\e in
\ ‘l linear time in the
size of the SPN)
showing the
| jmpact of
“gender“ on the

chances of
curvival for the

| Titanic dataset

...and can compi
mplile data reports automaticall
y
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vector[Queen] =

u The woman is playing the violin

Neural Embeddings -~
That song fs dope

u The music Is really cool
Words and sentences in it
| can speak two languages

1 am bilingual

Ve Cto r S paCeS | can ta¥k in English and French
Can you speak Engish?

The boy Is joking
ung fun of us

He is crazy

"How old are you?"
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"My phone is good."
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vector[King] - vector[Man] + vector[Woman]

Semantic Textual Similarity
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The Moral Choice Machine <z

L AAAI / ACM conference on

Not all stereotypes are bad B e

Generate embedding for new
question ,,Should | ... ?“

i
IR socry to hear that what are your symptoms?

ump

ORI O, wheresbouts on your body |s the lump?
leg

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

G,

Calculate Calculate
cosine similarity cosine similarity

N

Report most
similar answer




[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



https://www.hr-fernsehen.de/sendungen-a-z/hauptsache-kultur/sendungen/hauptsache-kultur,sendung-56324.html

Algorithms of intelligent behaviour
teach us a lot about ourselves

TSI S P PR L~ .

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.

‘ - T
ol SRR
: Centre for Cognitive Science at TU Darmstadt
. Establishing cognitive science at the Technische Universitat Darmstadt is a long-term commitment across Centre for
"' multiple departments (see Members to get an impression on the interdisciplinary of the supporting groups m Cognitive
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

".' ~ t—‘_ o4

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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