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...in from three to eight years we will have a machine with the general

intelligence of an average ing", Marvin'Minsky (1970)

/"//4 & N\

The Futile Tries of “Strong” Al

20 years of “Al Winter”...
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Transfering Biology into a:Mathematical Model
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The Triumphant Progress of Neural Network

Deep Neural Network

(Pretraining)
Multi-layered
XOR Perceptron i
ADALINE (Backpropagation)
A A
A
Perceptron
Golden Age Dark Age (“Al Winter”)
Electronic Brain
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« Adjustable Weights - Learnable Weights and Threshold + XOR Problem . Splution to nonlinearly separable problems  + Limitations of learning prior knowledge * Hierarchical feature Learning
« Weights are not Learned + Big computation, local optima and overfitting + Kernel function: Human Intervention 7




Deep Convolutional Neural Networks.
on GPU Supercomputers 3

Convolutions Subsampling Convolutions Subsampling Fully connected
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Neural Network in VisualAnalysis
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What Deep Learning has achieved so far

Near-human to superhuman level image classification
Near-human level speech recognition

Near-human level handwriting transcription

Improved machine translation

Improved text-to-speech conversion

Digital assistants such as Google Now or Amazon Alexa
Near-human level autonomous driving

Superhuman Go playing






Artificial Intelligence andMachine Leorning

Artificial Intelligence

Machine Learning
Reasoning

Supervised Unsupervised
Learning Learning

Reinforcement Deep Learning
Learning (Neural Networks)

Planning

It’s a kind of Magic, Semantic and Al,Semantic Meetup Vienna, 11 Sep. 2018, Harald Sack, CC BY-NC-SA 3.0

“The Goal of Al is to develop
machines that behave as
though they were intelligent.”

- John McCarthy (1955)

Karlsruher Institut far Technologie
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Calculus Ratiocinator - Gottfried Wilhelm Leibniz (1646-1716)

The only way to rectify our
reasonings is to make them as
tangible as  those of the
Mathematicians, so that we can
find our error at a glance, and

% ~

- .
when there are disputes among h
persons, we can simply say: " '
Let us calculate [calculemus],
without further ado, to see who is ‘

right.

Leibniz in a letter to Ph. J. Spener, Juli 1687

https://upload.wikimedia.org/wikipedia/commons/c/ce/Gottfried_Wilhelm_Leibniz%2C_Bernhard_Christoph_Francke.jpg



Begriffsschrift - Gottlob

rege (1848-1925)




M;liﬂsky (1974)
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Knowledge Graph:Applications

*
w" T. Tietz, J. Jdger, J. Waitelonis, H. Sack, Semantic Annotation and Information Visualization for Blogposts with refer, (VOILA 2016) Relation Browser  Timeline

Data . emantic &I |
Integration ] — | Exploratory

Search
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Question
Answering

s RECOMMeENnder
15 Recommended Ar\ssyst e m S

#1 The Case of J. Robert Oppenheimer Gottfried Wilhelm von Lei.br.niz (Germap: ['gotfwizt 'vtlhslr.n fan 'Iaxb'n:ts] or ['Iafpnxts]).(July 1,1646 - Noyember 14, 171 6)
was a German mathematician and philosopher. He occupies a prominent place in the history of mathematics and the history

#2 Wilhelm Pfeffer and Plant Physiology of philosophy.Leibniz developed the infinitesimal calculus independently of Isaac Newton, and Leibniz's mathematical notation
- 1 has been widely used ever since it was published. It was only in the 20th century that his Law of Continuity and

#3  Kar| earsonvand Mathematioal Statistios Transcendental Law of Homogeneity found mathematical implementation (by means of non-standard analysis). He became

#4 Raphael and the School of Athens y \ one of the most prolific inventors in the field of mechanical calculators. While working on adding automatic multiplication and

division to Pascal's calculator, he was the first to describe a pinwheel calculator in 1685 and invented the Leibniz wheel, used

DBpedia: Gottfried Wilhelm Leibniz

#5 Jerzy Neyman — Architect of Modern Theoretical Statistics

#E Ohrictinn Dattfrind Chranharn — Cathar af Minrana lanntalam

It’s a kind of Magic, Semantic and Al,Semantic Meetup Vienna, 11 Sep. 2018, Harald Sack, CC BY-NC-SA 3.0 http://scihi.or
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What do Neural Networks:(really) see?

Neuron Channel Class Logits Class Probability
layer [x,y,2] layer [:,:,2] layer [:,:,: 12 pre_softmax[k] softmax[k]

https://distill.pub/2017/feature-visualization/


https://distill.pub/2017/feature-visualization/

What do Neural Networks:(really) see?

Baseball—or stripes? Animal faces—or snouts? Clouds—or fluffiness? Buildings—or sky? https://distill.oub/2017/feature-visualization/
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Knowledge Graphs:

Local Details vs. Global Coverage
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Generative Adversarial/ Networks Example

This bird is The bird has This is a small,  This bird is
This bird 1s This bird has A white bird white, black, small beak, black bird with  white black and
Text blue with white ~ wings that are with a black and brown in with reddish a white breast yellow in color,
description and hasavery  brownand has  crown and color, with a brown crown and white on with a short
short beak a yellow belly yellow beak brown beak and gray belly the wingbars. black beak

images ) Y

Stage-II
1mages
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Han Zhang, Tao Xu, Hongsheng Li, Shaoting Zhang, Xiaogang Wang, Xiaolei Huang, Dimitris N. Metaxas:

er Institut far Technologie

CFIZ Karlsruhe

Leibniz-Institut fiir Informationsinfrastruktur

StackGAN++: Realistic Image Synthesis with Stacked Generative Adversarial Networks.
CoRR abs/1710.10916 (2017)



https://arxiv.org/abs/1612.03242

Generative Adversarial/ Networks Example

This is a small light gray
bird with a small head
and green crown nape
and some green
coloring on its wings

Han Zhang, Tao Xu, Hongsheng Li, Shaoting Zhang, Xiaogang Wang, Xiaolei Huang, Dimitris N. Metaxas:

d
StackGAN++: Realistic Image Synthesis with Stacked Generative Adversarial Networks. r!z IKar!slrfuhe f

eibniz-Institut flir Informationsinfr:
CoRR abs/1710.10916 (2017)



https://arxiv.org/abs/1612.03242
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http://t2i.cvalenzuelab.com/

A flock of sheep on
green meadows
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a girl watching tv |
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A girl wearing a red
skirt

KIT
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A girl with two eyes one
mouth and one nose
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A man with white hair, a
white beard and a white
shirt, wearing glasses
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melting clocks flying
over a large dessert
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(Long Term) Goals

e Combining Semantics (a.k.a. Symbolic Reasoning)
and Machine Learning
(Neuro-Symbolic Integration)



(Short Term) Goals

e Knowledge Graphs:
Don’t try to make Everything Explicit

® Deep Learning:
Try to make the Implicit Explicit

otherwise....



Otherwise...

“All those moments will be lost in time,
like tears in the r‘Oin.“ (Bladerunner, 1982)




