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Reproducibility Crisis in Science (2016)

M. Baker: ,,1,500 scientists lift the lid on reproducibility”. Nature, 2016 May 26;533(7604):452-4. doi: 10.1038/533452
https://www.nature.com/news/1-500-scientists-lift-the-lid-on-reproducibility-1.19970?proof=true



https://www.nature.com/news/1-500-scientists-lift-the-lid-on-reproducibility-1.19970?proof=true

Do ML and Al make a difference?

Data are now ubiquitous. There is great
value from understanding this data,
building models and making predictions
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Reproducibility Crisis in ML & Al (2018)
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Figure 1: Growth of published reinforcement learning papers.
Shown are the number of RL-related publications (y-axis) Joelle Pineau

per year (x-axis) scraped from Google Scholar searches.
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Figure 4: Performance of several policy gradient algorithms across benchmark MuloCo environment suites

P. Henderson et al.: “Deep Reinforcement learning that Matters“. AAAI 2018



Reproducibility Crisis in ML & Al (2018)
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« 54 challenge participants

» 30 authors of ICLR
submissions targeted by
reproducibility effort

* 14 others (random
volunteers, other ICLR
authors, ICLR area chair
& reviewers, course
instructors)

J. Pineau: ,The ICLR 2018 Reproducibility Challenge®.
Talk at the MLTRAIN@RML Workshop at ICML 2018
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A lot of systems Open ML
to support A
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Run reproducible experiments and create executable papers Enter an existing competition to solve challenging data
using worksheets. problems, or host your own,



However, there are not
enough data scientists,
statisticians, machine

learning and Al experts

Provide the foundations, algorithms, and
tools to develop systems that ease and

support building ML/Al models as much
as possible and in turn help reproducing
and hopfeully even justifying our results
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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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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
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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

But luckily they also “capture”
our moral choices

[Jentzsch, Schramowski, Rothkopf, Kersting AIES 2019]

WEAT Bias WEAT Bias
0.116 0.348 -0.099 -1.118
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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 luckily they also “capture”

AAAI /| ACM conference on

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




Canw
e tru
st deep neural networks?

Algorithmen der Kanstlichen
intelligenz (K1) und des
Masch‘me\\en Lernens wie
beispie\sweise Deep Learning
erobern immer mehr gereiche

I. es den Wissens(hamem und Wi haftlerinnen meistens verborgen,
| Systeme zu ihren Entscheidungen kommen. pamit pleibt oft auc
'l wirklich um intelligente Entscheidungen oder statistisch erfolgreich

handelt.




DNNs do not quantify all of the

uncertainty. They are not P(Y|X) # P(Y,X)

calibrated joint distributions.
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[Peharz, Vergari, Molina, Stelzner, Trapp, Kersting, Ghahramani UDL@UAI 2018]



Getting deep systems

that know when they don’t know.



Can we borrow ideas from deep
neural networks for
probabilistic graphical models?

Judea Pearl, UCLA
Turing Award 2012
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Sum-Product Networks
a deep probabillistic learning
framework

Darwiche
} UCLA

Computational graph
(kind of TensorFlow
graphs) that encodes
how to compute
probabilities: “DNNs
with + and * as
activation functions”

Inference is linear in size of network

Kristian Kersting - Towards Reproducibility in Machine Learning and Al 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]
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- 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
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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
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Random sum-product networks

[Peharz, Vergari, Molina, Stelzner, Trapp, Kersting, Ghahramani UDL@UAI 2018]
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Learning the Structure of Autoregressive
Deep Models such as PixelCNNS ...cc.ooceta wes 2016

CSPNs
PixelCNNs

Learn Conditional SPN by testing conditional
independence and using conditional clustering, using e.g.
[Zhang et al. UAI 2011; Lee, Honovar UAI 2017; He et al. ICDM
2017; Zhang et al. AAAI 2018; Runge AISTATS 2018]

Conditional SPNs

[Shao, Molina, Vergari, Peharz, Kersting 2019]

CAML

DFG



Learn Conditional SPN by testing conditional
independence and using conditional clustering, using e.g.
[Zhang et al. UAI 2011; Lee, Honovar UAI 2017; He et al. ICDM
2017; Zhang et al. AAAI 2018; Runge AISTATS 2018]

Conditional SPNs

[Shao, Molina, Vergari, Peharz, Kersting 2019]

CAML

DFG



Continuous? Discrete?

LA data science et i

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

Kristian Kersting - Towards Reproducibility in Machine Learning and Al n



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

Distribution-agnostic
Deep Probabilistic Learning

Afinished Educations -
No of unfinishe Use nonparametric
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e and piece-wise linear
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Kristian Kersting - Towards Reproducibility in Machine Learning and Al 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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Bayesian Type Discovery Mixed Sum-Product Network  Automatic Statistician




with few expert input ..
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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




Programming languages for Systems Al,

the computational and mathematical modeling of complex Al systems.

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

Eric Schmidt, Executive Chairman, Alphabet Inc.: Just Say "Yes”, Stanford Graduate School of Business,
May 2, 2017 .https://www.youtube.com/watch?v=vbb-AjiXyhO.



Since science is more than a single table !

P( heart

attack

Crossover of ML and Al 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

P Al and ML machines
N make the ML/AI expert
b more effective
KATHOLIEKE UNIVERSITEIT T increases the number Of Databases, Staﬁst. I
LEUVEN TS people who can Logic/ A|/I |(\:I|aL
% ,,,,,,, succ_ess_fully build ML/AI Reasoning
CCCCCCC applications




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)

TECHNISCHE UID

UNIVERSITAT THE UNIVERSITY
DARMSTADT  OF TEXAS AT DALLAS

. .
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]



Natarajan, Khot, Kersting, Shavlik. Boosted Statistical Relational Learners. Springer Brief 2015
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https://starling.utdallas.edu/software/boostsrl/wiki/
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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



Not every scientist likes to turn
math into code

in P(w,b,€) = —w
2l b e) = 5w+

Vi
subject to { Vs

Support Vector Machines
Cortes, Vapnik MLJ 20(3):273-297, 1995




Kersting, Mladenov, Tokmakov AlJ “17, Mladenov, Heinrich, Kleinhans, Gonsio, Kersting DeLBP 16

High-level Languages for
Mathematical Programs

Write down SVM in ,,paper form.“ The machine compiles it into solver form.

TECHNISCHE
UNIVERSITAT
DARMSTADT

#QUADRATIC OBJECTIVE
minimize: suzm{J) in feature(I,J))} weight(J)e*2 + c1 * slack + ¢c2 * coslack;

#labeled examples should be on the correct side

subject to forall {I in labeled(I)}: labeled(I)spredict(I) >= 1 - slack(l);

#slacks are positive

subject to forall {I in labeled(I)}: slack(I) >= 0;

Embedded within
Python s.t. loops and re O@P

rules can be used

RELOOP: A Toolkit for Relational Convex Optimization

Y
/ » ~
L Maximum.
h / margin
> N\
Y

Support Vector Machines O
Cortes, Vapnik MLJ 20(3):273-297, 1995

Kristian Kersting - Towards Reproducibility in Machine Learning and Al




There are strong invests into high-level
programming languages for AlI/ML

Jl

v,
3.¢ UBER Al Labs

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

Mﬁ osoft’
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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 when 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,
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ist behavior” v




Overall, AI/ML/DS indeed refine
“formal” science, 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/AIl simpler

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

= Reproducible Al requires integrative CS, from
software engineering and DB systems, over ML and Al
to cognitive science






