Deep machines

that know when
they do not know*

*Thanks for Pedro Domingos for making his slides publically available
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Consider e.g. unsupervised
scene understanding using
a generative model
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[Attend-Infer-Repeat (AIR) model, Hinton et al. NIPS 2016]

Sum-Product Probabilistic Programming:
Making machine learning and data science

easier [Stelzner, Molina, Peharz, Vergari, Trapp,
Valera, Ghahramani, Kersting ProgProb 2018]
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Probabilistic Programming: Deep Probabilistic Prog.:
Easier modelling by programming Modelling and inference
generative models in a high-level, might be hard, so use a
prob. language deep neural network for it

def prior_step(t):
» Sar biect & : y v Recurrent Neural Network (RNN)
z_where = pyro.sample('z_where_{}'.format(t), C) - g

dist.normal,

z_where_prior_mu, z_where_prior_sigma) ] l

z_what = pyro.sample('z_what_{}'.format(t),
dist.normal,
z_what_prior_mu, z_what_prior_sigma)

Y
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y_att = decode(z_what) # Map latent code to pix ) t s —
Sum-Product (*)
e g Network .° -
Use deep probabilistic models that
H H H H X PN o =
feature tractable, deterministic inference ® ©® @ ®
om spn.structure. leaves.parametric.Parametric import Categorical G X ,»-—‘\ Pt
Ex3 (x) (Vo) V1
from spn.structure.Base import Sum, Product -
B @R &
» spn.structure.base import assign_ids, rebuild_scopes_bottoms_up \VI/ “:,v_?/ \V_l,/‘ ’\V?,z’
pe Product{childr [Categorical(p=[0.3, 0.7], e=1), Categorical(p=(0.4, 0.6], scope=2)])
pl = Product(childr [Categorical(p=[8.5, @.5], scope=1), Categorical(p=[8.6, 8.4], scope=2)])
51 Sum(weights=[0.3, 0.7], ildr (p@, p1l)
p2 = Product(¢ [Categorical(p=(0.2, 0.8], scope=@), s1]) o~
p3 = Product(c [Categorical(p=(0.2, 0.8], s¢ @), Categorical(p=[0.3, 0.7], pe=1)]) )
p4 = Product(c iren=[p3, Categorical(p=[0.4, 0.6], sc 2)1)
spn = Sum(we [e.4, 0.6), [p2, p4))

FLED :
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assign_ids(spn)
rebuild_scopes_bottom_up(spn)

r spn



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
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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 - Deep Machines that know when they do not know
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Potentially much more powerful than shallow
architectures, represent computations
[LeCun, Bengio, Hinton Nature 521, 436—444, 2015]

Neural Networks ..
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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]
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They “invent” constrained optimizers

* Bundesansta It fiir
Landwirtschaft und Erndhrung

[Schramowski, Bauckhage, Kersting arXiv:1803.04300, 2018]
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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
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Deep Neural Networks

Potentially much more powerful than shallow
architectures, represent computations

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

The Moral Choice Machine

WEAT Bias WEAT Bias
0.116 0.348 -0.099 -1.118
0.090 0.281 -0.101 -0.763
0.094 0.277 -0.110 -0.730
0.114 0.264 -0.105 -0.664
0.093 0.260 -0.108 -0.600
0.108 0.238 -0.109 -0.569

But lucky they also “capture”
our moral choices

[Jentzsch, Schramowski, Rothkopf, Kersting AIES 2019]

Yes, it is. No, it is not.
: * B ) [ i * oSS
| Sentence Embedding | | Sentence Embedding

Moral Bias =

'

Cosine Similarity

'

2%

S

\/

Sentence Embedding

s

Is it ok to murder?

AAAIl /| ACM conference on
ARTIFICIAL INTELLIGENCE,
ETHICS, AND SOCIETY

Cosine Similariy



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
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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
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3777460 [ 2
2934939¢212¢
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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]



The third wave of deep learning

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

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



Alternative Representation:
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Graphical Models as (Deep) Networks

Xi

X5

P(X)

0.4

0.2

0.1

1
1
0
0

Sl || =

0.3

P =0.4 - 1[X,=1]

+0.2 -

+ 0.1
+0.3

I[X,=1"
X =0
X =0

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

[X,=0
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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]
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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,
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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 - Deep Machines that know when they do not know 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 - Deep Machines that know when they do not know 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 - Deep Machines that know when they do not know 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

N
s

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




[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 - Deep Machines that know when they do not know
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Random sum-product networks

[Peharz, Vergari, Molina, Stelzner, Trapp, Kersting, Ghahramani UDL@UAI 2018]

3% UBER Allabs [P UNIVERSITYOF

frerenll Build a random SPN

- e —

structure over
univariate distributions.
This can be done in an
IR, e TR T informed way or

(X X3 4N \‘,.\.\.,‘.\. X:) l-,\;.';\- \.‘1 {\,\"}.n.;r‘ ;\.\;‘1A|\,; :;\,\,.';- |\.:l ‘\‘.\.:.;.\)\.‘:.l\.\;’|~{\.\v._', Completely at random
MNIST ::ESPN 922;) 9::/(:?) - i ' MNIST —l a\ (.D 3—7 Hj 3 (l b, OUtllerS

3
z (8.5M) (2.64M) (5.28M) > 10
£ F-MNIS .52 . §
v o e 2L O g i 7/ 064 | 49 0 b q prototypes
< 20NG 478 4905 4881 GCJ SEMEION
(0.37M) (0.31M)  (0.16M) S 10_5 . | .

MNIST 0.0852 0.0874  0.0974
g (17M) 0.82M)  (0.22M) 8 n-“ w“ OUtllerS
E F-MNIST 0.3525 0.2965 0.325 qt 1 0 -6 <
& 0.65M 0.82M 0.29M
g 20NG Leos L6180 1663 ' n . prOtOtypeS
O

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

SPNs can have

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]

FLED SPFlow: An Easy and Extensible Library
®W for Sum-Product Networks [0/ Ve Stelzner Penar

; UNIVERSITAT
' DARMSTADT

UNIVERSITA m UNIVERSITY OF Kersting 2019]
DSBS RARE @Y WATERLOO . MADESI
5 UNIVERSITYOF N\ 7" VECTOR

Federal Minist
¥ CAMBRIDGE \  INSTITUTE kG ® ‘ of Educstion

and Research

2 1995 comemets Vv 2 Branches 0 rvleases AL @ cominb

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



[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 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]




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]

CAML DFG




And SPNs may also provide likelihoods for time serie

Sample from Whittle loss

ML output |
Wi
o g
= S PEACNRY
I AutoEncoder o= T 2 ;
-~ '6 5' 3’
= =4 2
—
— £
o m 200
 — G S
gr——
> Whithe -~
BaAfood
1 Ly
£ = §
RNN - —
— =% §
o =
5 1 >
N — m
- ) 6time series _ -
104 ¢ ‘
054 ’ '}"‘
0.0 1 0
’(
-0.5 1 '4 1.
~1.0 4
0 200 400

Mutual Information of Y

: . Whittle SPNs
3 i [Yu, Kersting 2019, to be submitted]
3 .. MADESI # | i | e s ermatrung. DEPDENSE




Continuous? Discrete?

LA data science et i

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

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

— 0.002;

e —
T ——

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

&5 TECHNISCHE
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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 ..

This report describes the dataset Titanic and contains
sanetdl S o) ! nation and an analyss on the
4 v SOgrC e ot he da’a
- T g pas of 1 100X
eral 5138 jormal about y Aal - =
Hete 3 \ | Da 2
alyss A anies 8 oroDabwiy (o &
he $eC pa » wq On & S 5 | e
jata. O ! ] theo t A are aly2ed - 5
prociul the data Fna m Fle b pred IS0
mod AnAyTes
ut report 1S Q€ yied DY ) SUT d ehwe y and extracinyg ma
- thia mod

...and can compi
mplile data reports automaticall
y




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

The machine understands the data

with no expert input ...

- : l Exp‘anat-\on
0175 1 t vectO"* .

| | (computable Il
linear time in the
| | izre of the SPN)

0.1251 ‘ show"ng the

impact of
ngender” ON the

chances Of
<urvival for the

Titanic dataset

...and can compile data reports automatically
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Crossover of ML and DS with data &
programming abstractions

De Raedt, Kersting, Natarajan, Poole: Statistical Relational Artificial Intelligence: Logic, Probability, and
Computation. Morgan and Claypool Publishers, ISBN: 9781627058414, 2016.

=== building general-purpose
Al g data science and ML
machines
R make the ML/DS expert
_ more effective
increases the number of Databases/ S
KATHOLIEKE UNIVERSITEIT T I h — St m ca I
LEUVEN ... peopie who can Logic/
@ S B successfully build ML/DS i

Reasoning

& SR applications




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

Boosted Statistica
Relational

Understanding Electronic Health Records|

Medicine

up

THE UNIVERSITY
OF TEXAS AT DALLAS

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) P smoke(a,No,5)

. .
chol_bw(3,200,400,7) P Plaque in the left
coronary artery

C_howladon) > [Circulation; 92(8), 2157-62, 1995;

0.79 JACC; 43, 842-7, 2004]

smoke(a,No,0) 4P @_ bw(a,100,1000,5)

1k 0.2 0.830 Algorithm | Accuracy | AUC-ROC [The higher,
PrObablhty J48 0.667 0.607 the better
* 08 | [o97 08 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 Mining Markov Logic The higher, the better The higher, the better The higher, the better The lower, the better
Networks
Boostin 0.81 0.96 0.93 9s
9 ] 11% ] 78% ] 50% ] S37200x
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]



Natarajan, Khot, Kersting, Shavlik. Boosted Statistical Relational Learners. Springer Brief 2015
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BoostSRL Wiki

BoostSRL (Boosting for Statistical Redational Learning) is a gradient-boosting based approach to
learning different types of SRL models. As with the standard gradient -boosting approach, our
approach tums the model leaming problem 10 learning a sequence of regression models. The key
difference 10 the standard approaches is that we learn relational regression models i.e., regression
models that operate on relational data. We assume the data in 3 predicate logic format and the
output are essentially first-order regression trees where the inner nodes contain conjunctions of
logical predicates. For more details on the models and the algorithm, we refer 10 our book on this

topic.

Sriraam Natarajan, Tushar Khot, Kristian Kersting and Jude Shaviik, Boosted Statistical Relational
Learners: From Benchmarks 10 Data-Driven Medicine . SpringerBriefs in Computer Science, ISBN:
978-3-319-13643-1, 2015

Human-in-the-loop learning



In general, computing the exact posterior is intractable,
I.e., inverting the generative process to determine the
state of latent variables corresponding to an input is

time-consuming and error-prone.
Deep Probabilistic Programming

import pyro.distributions as dist
def guide(data):
def model(data): § ‘;(,,‘,),“: ewo varial o1 4 eters with Pyr
¥ defi e ‘ . ! weiLer alpha_q = pyro.param("alpha_q", torch.tensor(15.0),
alphad = ~orch,~cnsor§:b;3) constraint=constraints.positive)
betad = :orgh.tefsor(.w 8) beta_gq = pyro.param("beta_gq", torch.tensor(15.8)
le f the ta ¢ ) constraint=constraints.positive)
f = pyro.sample("latent_fairness”, dist.Beta(alpha®, beta8)) ¥ sample latent f ness from t distributi Beta(alpha_q
# loog er t bsery jata pyro.sample(“latent_fairness", dist.Beta(alpha_q. beta_q))
for 1 in range(len(data))

pyro.samplc(”cbs_(}1:format(1). dist.Bernoulli(f), obs=data[i])

(2) Ease the implementation by some high-
level, probabilistic programming language

C e ) C e )
latent
6
—

Deep Neural Network

¢

observed

——/

(1) Instead of optimizating variational parameters for
every new data point, use a deep network to predict the

posterior given X [Kingma, Welling 2013, Rezende et al. 2014]
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[Stelzner, Molina, Peharz, Vergari, Trapp, Valera, Ghahramani, Kersting ProgProb 2018]

Sum-Product Probabilistic Programming

import pyro.distributions as

def model(data)

def guide(data)

alpha_q = pyro.param("alpha_q", torch.tensor(15.0)
P 8 t h.t ‘f; j) constraint=constraints.posit )
betad = torch.tensor( 9.9) beta_gq = pyro.param(“beta_q", torch.tensor(15.0),
y , constraint=constraints.positive)
f pyro.sample("latent fairness”, dist,Beta(alpha®, betaf))
pyro.sample(“latent_fairness", dist.Beta(alpha_q, beta_q))
f ( (data))
pyro.sample("obs_{}".format(i), dist.Bernoulli(f), obs=data[i]) Sum PrOdUCt Network

FL o
(2) Ease the implementation by some high- @w « =

level, probabilistic programming language

”-------§\ C?{j V}ék 3??‘ Sé;
Deep Neural Network

6 |
observed @ g%
— — R 2

(1) Instead of optimizating variational parameters for
every new data point, use a deep network to predict the
posterior given X [Kingma, Welling 2013, Rezende et al. 2014]

latent

¢




Unsupervised scene understanding

[Stelzner, Peharz, Kersting ICML 2019]

7,
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. . - g. . ]
Consider e.g. unsupervised scene &;?‘;--‘ 4
¥ oS =

[ " " '
understanding using a generative model fé;: ;f&;.' \
implemented in a neural fashion SR "

v} ]

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

VAE SPN

. 7
L > Replace VAE \D
I by SPN as I
~~ object model
| N} l\_.i/]l

\_/
@ infinite mixture model @ “large” but finite mixture model
@ tractable density

@ intractable density
@ intractable posterior @ tractable marginals (penarz etai. 2015)
@ tractable posterior vergarietal, 2017)
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There are strong invests into (deep)

Jl

probabilistic programming

v,
3.¢ UBER Al Labs

RelationalAl, Apple,
Microsoft and Uber are
investing hundreds of
millions of US dollars

Mﬁ osoft’




Since we need languages for Systems Al,

the computational and mathematical modeling of complex Al systems.

[Kordjamshidi, Roth, Kersting: “Systems Al: A Declarative Learning
Based Programming Perspective.” IICAI-ECAI 2018]

Eric Schm}dt, Executive Chairman, Alphabet Inc.: Just Say "Yes”, Stanford Graduate School of Business,
May 2, 2017 .https://www.youtube.com/watch?v=vbb-AjiXyhO.
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Getting deep
systems that reason
and know when they

don’t know
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Responsible Al
systems that explain
their decisions and
co-evolve with the
humans

L UBER Allabs
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| David Poole
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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”

Mﬂ

) Originad Image

p.m.unr-,-u (<) Explaining Acesatic puitis  (d) Explaining Labrador

-‘eby(..dﬁlnnﬂhnﬂmt.i&

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

® AAAI /| ACM conference on
.! .I. ARTIFICIAL INTELLIGENCE,
s ’I ETHICS, AND SOCIETY
e ©



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

4

N &
. e

Josh Tenenbaum, MIT

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




Indeed, Al has great impact, but ...

+ Al is more than deep neural networks. Probabilistic and
causal models are whiteboxes that provide insights into
applications

+ Al is more than a single table. Loops, graphs, different data
types, relational DBs, ... are central to ML/Al and high-level
programming languages for ML/Al help to capture this
complexity and makes using ML/AI simpler

+ Al is more than just Machine Learners and Statisticians,
Al is a team sport

= The third wave of Al requires %

integrative CS, from SoftEng and
DBMS, over ML and Al, to

computational CogSci A lot left to be done






