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What is Al?
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thinking

"The exciting new effort to make
computers think... machines with minds, "The study of mental faculties through
in the full and literal sense." the use of computational models."
(Haugeland, 1985) (Charniak and McDermott, 1985)

"[The automation of] activities that we "The study of the computatinr~ *'
associate with human thinking, activities make it possible +~ . h
such as decision-making, problem solving, W\t

learning..." (Bellman, 1978) er“e

pliCations

humanly rationally

comp ex ¢9

.. periormed by people.”
(Kurzweil, 1990)

"Computational Intelligence is the study
of the design of intelligent agents."
(Poole et al., 1998)

"The study of how to make computers
do things at which, at the moment,
people are better."

(Rich and Knight, 1991)

"Al... is concerned with intelligent
behaviour in artefacts." (Nilsson, 1998)

acting
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Why?
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EUSOPE/ 3-11 OKTOSER, 2018

DER WICHTIGSTE EVENT ZU
KUNSTLICHER INTELLIGENZ

10 Amazing Examples Of How
Deep Learning Al Is Used In
Practice?

,_‘ Bernard Marr Contributor (O

(:t,’ Enterprise & Cloud

You may have heard about deep learning and felt like it was an area of data
science that is incredibly intimidating. How could you possibly get machines
to learn like humans? And, an even scarier notion for some, why would we
want machines to exhibit human-like behavior? Here, we look at 10 examples
of how deep learning is used in practice that will help you visualize the
potential.

“Fhe growth of deep-learni '
models is expected t
accelerateand create even




ldea: Add depth to learn features automatically
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Feature extraction Classification
(SIFT, SURF, LBP, HOG, etc.) (SVM, neural network, etc.)

(02,04, ...)
> Container ship

Classical image
processing

Automation of complex-processes
based on (high-dimensional) sensor input
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What belongs to Al?
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deep learnin

. machine learning
supervised (ML)

unsupervised

content extraction

classification

natural language

machine translation processing (NLP)
guestion answering 1 e :
. Artificial Intelligence
text generation ( AI)
expert systems .

image recognition o
o vision
machine vision >

speech to text

text to speech

© 2015 Neota Logic

robotics
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How does Deep Learning Work?
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Examples of «Al» in the media in recent years

Image Completion with Deep Learning in TensorFlow
August g, 2016

Blcg O L J T RN Andrej Karpathy blog Aba Hakers gadetoNeuRl Netwarks

The Unreasonable Effectiveness of Recurrent Neural
Networks

Gooooe

Introduction

Introduction

Content-aware fill is a
completion and 1

do content-aware

“Semantic Image Inpaint
shows how to uze deep
some deeper portions fo
zection can be skipped i
from images of faces, 1h
completion.tensorflow.

‘Well approach image cor

imminent - Deutsch-Ubersetzur

distribution

X @ Finally, aMachine That Can Fini= X = =

< C @ nytimes.com/2018/11/18/technology/artificial-intelligence-language.html

5 Apps Aus Firefox importi

Completing someone else’s thought is not an easy trick for A.L.

&R 1T Selfservice @ Reddit/Machine L.. @ Anxiv Sanity Preserver IniT All

Finally, a Machine That Can

Finish Your Sentence

But new systems are starting to crack the code of natural
language.

Nvidia Al Generates Fake Faces
Based On Real Gelebs

the morning paper

The amazing power of word vectors
APRIL 21, 2016

For today’s post, I've drawn material not just from one paper, but from
five! The subject matter is ‘word2vec’ — the work of Mikolov et al. at Google

on efficient vector representations of words (and what you can do with

tham) Tha nanara ara:

entations in Vector
* 0OeMa»Q

@ DLJoumal Discussi.. & ICCV transductive [l] Genderwsrterbuch (' AutoDL Lessons Le..  [f] Deep RLBootcamp ) Optimizationfor ML (§ DLforPR  (§ AutoDL  »

s and Phrases and their

< Space Word

ined — Rong 2014

Plov et al’s Negative

— Goldberg and Levy 2014
ation...") we get a description
ous Skip-gram models for
word vectorisina

ore illustrations of the power
on optimisations for the skip-

and a discussion
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Foundation
Inductive supervised learning

Assumption

* A model fitted to a sufficiently large sample
of data...

« ...will generalize to unseen data

Method

« Searching for optimal parameters of a
function...

* ...such that all sample inputs (images) are
mapped to the correct outputs (e.g., «car»)

y

x /

X /
X e]
L]
—
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Large image collection with annotations

saturn
school-bus
scorpion-101
screwdriver
seqway.
self-propelled-lawr|
sextant .
sheet-music
skateboard
skunk
skyscraper
smokestack
snail

snake

sneaker
snowmobile
soccer-ball
socks
soda-can
spaghetti
speed-boat
spider

spoon
stained-glass
starfish-101
steering-wheel
stirrups
sunflower-101
superman
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swan
swiss-army-knife
sword

syringe

t-shirt
tambourine
teapot
teddy-bear
teepee
telephone-box
tennis-ball
tennis-court
tennis-racket
tennis-shoes
theodolite

toad

toaster

tomato

Image
descriptors

Quelle: http://lear.inrialpes.fr/job/postdoc-large-scale-classif-11-img/attribs _patchwork.jpg



http://lear.inrialpes.fr/job/postdoc-large-scale-classif-11-img/attribs_patchwork.jpg

Search for optimal parameters of a function?

neuron

<w,x>+b=0 +

Inputs —

features (e.g., pixel)

Tunable parameters

Zurcher Fachhochschule

lnput 1
(T84 neurcns)

f —
Output

l

Activation
Function

Threshold / decision

(n
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neural net

hidden layer

15 neurons)

Result (interpreted as e.g. «car»)
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Search for optimal parameters of a function?

Probability [%] for specific event
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» Our artificial neural net: f,,(x) = v
with image x, ground truth y and
(W = {w,, w,}initialized at random)

1

»  Error measure: (W) =¥ (fi () — )
Average of (quadratic) difference between predictior Threshold / decision
and ground truth («loss»)

features (e.g., pixel)
2 | Result (interpreted as e.g. «car») |

1 Tunable parameters

~ A\

. € error landscape

e Method: iterative change of
ey parameters of f in the direction of
the steepest descent of |
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What does the neural network «see»?
Hierarchy of more complex features

Patterns (lay Parts (layers mixeddb & mixed4c) Objects (layers mixed4d & mixedde)

“Audi A7”

Source: https://www.pinterest.com/explore/artificial-neural-network/

Olah, et al., "Feature Visualization", Distill, 2017, https://distill.pub/2017/feature-visualization/.

Zircher Fachhochschule 13
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How?-> Examples

Examples of Deep Learning in the Wild
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Print media monitoring Zh
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Task Challenge Nuisance  ARGUS DATA INSIGHTS

Schweizerische Eidgenossenschafl
Cantederazione Svizzara
Confederaziun svizia

International.

Fu a

— Spionage fiir den Erzfeind Iran
Israelischer Ex-Mirister arbeitete als Agent fir die Mullahs. Jetzt droht ihm lebenskinglich
Swiss Confederation

Innosulsse - Swiss Innovation Agency

Sind Sie der nachste
Lotto-Konig?

Wassermann  Fische
P 02-203

Sein. Steven Zuber

«Stevenhat |
sich alles selber

Stier 2willinge Krebs
24-205 n5-216 2621

bei ebracht )) DEN-RETSEL ‘GESAMTWERT: 5000 FRANKEN.

ochenpreis: | x sieben Nichte fir 2 Personen, inkl. HP, im
Hiter e Zuber-autergegenBrasien . 7 ¥ *++xSpehotel Pilatus Hergiswil im Wert von 3000 Franke
Der Tosstaler trainierte einst beim e Frrtrvee =1 a' B = :T’ B P = %

FC Kollbrunn-Rikon Kiein-Steven.

o I

- Wi vann
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Print media monitoring — ML solution Zh
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Schweizerische Eidgenossenschalt
Corféderation suisse

Canfederaziene Svizzera

Confederaziun svizia
Swiss Confederation

Innasuisse - Swiss Innovation Agency

upscale

Output

element-wise sum and
transposed conv.

S b "“- = “"- / transposed conv.
Bh R &.
(=" Ifllﬁ/

element-wise sum and
transposed conv.

Meier, Stadelmann, Stampfli, Arnold & Cieliebak (2017). «Fully Convolutional Neural Networks for Newspaper Article Segmentation». ICDAR’2017.
Stadelmann, Tolkachev, Sick, Stampfli & Dirr (2018). «Beyond ImageNet - Deep Learning in Industrial Practice». In: Braschler et al., «Applied Data Science», Springer.

A L
A element-wise sum and L
transposed conv.
D Convolution + Batch Normalisation + RelLU D Transposed Convolution + RelLu D Max-Pooling

D Upscaling by factor 2 D Sigmoid

Zircher Fachhochschule 16
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Print media monitoring — deployment Zh
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Schweizerische Eidgenossenschafl
Cantederazione Svizzara
Confederaziun svizig

Swiss Confederation

Innosulsse - Swiss Innovation Agency

FCNN-based
article
segmentation

ELTh == HTTP Request
: o
Newspaper Page /—\ Response
as Image

[ectorate

Ul

OCR Output as XML MongoDB
Special
Pages
RabbitMQ Classifier
Message as JISON Segmentation Result
Document

Stadelmann, Amirian, Arabaci, Arnold, Duivesteijn, Elezi, Geiger, Lérwald, Meier, Rombach & Tuggener (2018). «Deep Learning in the Wild». ANNPR’2018.

Zurcher Fachhochschule 17



Symbol detection
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g="UTF-8"
SYSTEM *http/
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o
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¥
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Schweizerische Eidgenossenschafl
Cantederazione Svizzara
Confederaziun svizig

Swiss Confederation

Innosuisse - Swiss Innovation Agency
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Symbol detection — challenges & solutions 4

"és"—ﬁﬁ‘ﬁ'ﬁ "_—jafqi gt

(w \, .i\—

-,.r_._.'/r '/- L'

C N

-
HAaLH
§\§fﬂhﬂ il

= ,M.......ﬁ__’ PR M’}-’-‘:‘

[;ESCOREPADQ

i
7

> & . )
= E=i== = ’\i
_ = Schweizerische Eidgenossenschafl
élﬁ* Y, .:-.s.i = == £ Confedsrazions Svizzara
L . Confederasiun seizra
T ] UBi f f
:%: Swiss Confederation
A iy (@) (b) keySharp
9“;? "' Eatf accidentalSharp o Innosuisse - Swiss Innovation Agency

P

1 LR
— o
E ¥
= il 1 : L () (dy Wi
ene }==,,4.L.E_g, augmentationDot articStaccatoAbove ber
99..-r pie wiowptf rp..prglo- § f —FF
g ] -
v 3 2
é“ 3 e ¢ ‘jf.... .T.‘ L= mlL
--!., :rl et - )
'1;5‘ £ ?l# 2 "Tli i s
&t : $ : S ===

........................................................................ Energy map M*:
VN*M*#energy_IeveIs

:  Class map M
T N*M*#classes

T tiny numbers are class labels from the
typical DeepScores input we process at once.

= =

Refine-Net |—

- BBOX map M®:
Output Featuremaps N*M*2
N*M*256

= 1x1 convolution

It from MUSCIMA++ with detecte
 a typical proce: el L \um 4+ inpat. The

stem is roughly
pts with rmany symbols

Tuggener, Elezi, Schmidhuber, Pelillo & Stadelmann (2018). «DeepScores — A Dataset for Segmentation, Detection and Classification of Tiny Objects». ICPR’2018.
Tuggener, Elezi, Schmidhuber & Stadelmann (2018). «Deep Watershed Detector for Music Object Recognition». ISMIR’2018.
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Symbol detection — industrialization Zh

Current results on class imbalance and robustness challenges

ESCOREPADS
1. Added sophisticated data augmentation in every page’s margins

2. Put additional effort (and compute) into hyperparameter tuning and longer training
3. Trained also on scanned (more real—worldish) scores

e e

‘ == ——= f:—?i”lﬁ I

?Lﬁ’r{,prr!r. ropfrrfap

= Improved our mAP from 16% (on purely synthetic data) to 73% on more challenging real-world data set
(additionally, using Pacha et al.’s evaluation method as a 2"d benchmark: SotA from 24.8% to 47.5%)

Elezi, Tuggener, Pelillo & Stadelmann (2018). «DeepScores and Deep Watershed Detection: current state and open issues». WoRMS @ ISMIR’2018.
Pacha, Hajic, Calvo-Zaragoza (2018). «A Baseline for General Music Object Detection with Deep Learning». Appl. Sci. 2018, 8, 1488, MDPI.

Zircher Fachhochschule 20



Zircher Hochschule
fur Angewandte Wissenschaften

Lessons learned Zh
Data is key
« Many real-world projects miss the required quantity & quality of data
—> even though «big data» is not needed
+ Class imbalance needs careful dealing
—> special loss, resampling (also in unorthodox ways)

* Unsupervised methods need to be used creatively
» Users & label providers need to be trained

Prerequisite: stable data acquisition pipeline

Learning from (raw) data is powerful, yet one is fully dependent on what is in that data

Important in practice: MLOps

Robustness is important
« Training processes can be tricky
—> give hints via a unique loss, proper preprocessing and pretraining

Sufficient condition: lots of tuning

Deep learning is no silver bullet

Zircher Fachhochschule 21
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Lessons learned — model interpretability
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Interpretability is required.

» Helps the developer in «debugging», needed by the user to trust O G
- visualizations of learned features, training process, learning curves etc. should be «always on» 32522',?{;12,_113: _
negative X-ray positive X-ray

Learning Curve: Naive Bayes
10 . )
0.8
~06
g 1|
0.4 [l Y
02 02 \WWW
../".M'
0.0 aops’
1 35 7T 98 12 13 5 7 9 11 1 3 5 7 911 0
1(X;T) 1(X:7) 1(X:;T) dE I . o ke
DNN training on the Information Plane alearning curve feature visualization

Stadelmann, Amirian, Arabaci, Arnold, Duivesteijn, Elezi, Geiger, Lorwald, Meier, Rombach & Tuggener (2018). «Deep Learning in the Wild». ANNPR’2018.
Schwartz-Ziv & Tishby (2017). «Opening the Black Box of Deep Neural Networks via Information».
https://distill.pub/2017/feature-visualization/, https://stanfordmlgroup.qgithub.io/competitions/mura/
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Lessons learned — detecting adversarial attacks
...using average local spatial entropy of feature response maps

Original  Adversarial ~ Original  Adversarial

Image:

Feature response:

Local spatial entropy:

Amirian, Schwenker & Stadelmann (2018). «Trace and Detect Adversarial Attacks on CNNs using Feature Response Maps». ANNPR’2018.
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Conclusions Zh
* Deep learning is applied and deployed in «normal» businesses (non-Al, SME)

« It does not need big-, but some data (effort usually underestimated)

« DL training for new use cases can be tricky (= needs thorough experimentation)

 New theory and visualizations help to debug & understand

-> the training process
- individual results

About me:

*  Prof. Al/ML, scientific director ZHAW digital
* Email: stdm@zhaw.ch

* Phone: +41 58 934 72 08

Martin Braschler - Thilo Stadelmann Web: https://stdm.qgithub.io/

KirtSeoghinger Helips *  Twitter: @thilo_on_data

o e LinkedIn: thilo-Stadelmann
Applied
Further contacts:

Data »  Collaboration: datalab@zhaw.ch

SCI e n Ce => Happy to answer gquestions & requests.

Lessons Learned for the

| Data-Driven Business

]
a\ ; a a a
%) Springer @ s 2 Swiss Alliance for
Data-Intensive Services

) www.zhaw.ch/datalab
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