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Biologische Grundlagen neuronaler Netze
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1.1  Warum DNNs

In der Informatik scheinen manche Aufgeben leicht und erweisen sich als unldsbar:

In the 60s, Marvin Minsky assigned a couple of undergrads to spend the
summer programming a computer to use a camera to identify objects in a
scene.

He figured they'd have the problem solved by the end of the summer.

Half a century later, we're still working on it ... or not!

UHEN A USER TAKES A PHOTD,
THE APP SHOULD CHECK WHETHER
THEYRE IN A NATIONAL PRRK ...

SURE, EASY GIS LOOKUR
MAFEUM

. AND CHECK UHETHER
TrEPHUTDISOFP\mJ.

IZLNEE]?AREﬁEPRU{

mwmm
INCS, IT CAN BE HARD T EXPLAIN
THE DIFFERENCE BETWEEN THE ERSY
AND THE VIRTUALLY IMPOSSIBLE.

Erst Jahrzehnte spéter kann das Problem leicht geldst werden - mit Hilfe kiinstlicher neuronaler Netze
(die es ibrigens 1970 auch schon gab!)

http://code.flickr.net/2014/10/20/introducing-flickr-park-or-bird/

PARK or BIRD

Want to know if your photo is from a U.S. national park?
Want to know f it contains a bird? Just drag it into the box
to the left, and we'll tell you. We'll use the GPS embedded
in your photo (if it's there) to see whether it's from a park,
and we'll use our super-cool computer vision skills to try to
see whether it's a bird (which is a hard problem, but we do
a pretty good job at it).

To try it out, just drag any photo from your desktop into the
upload box, or try dragging any of our example images.
We'll give you your answers below!

Want to know more about PARK or BIRD, including why
the heck we did this? Just click here for more info — @

PARK?  BRD?

YES YES

ades is truly Dude, that is such a bird.

beaumur



Wa sit der Unterschied?

e 2+2=

e 5%125=

* 234567 /654 =

Eigenschaft

Computer

Gehirn

Prozessoren
Komplexitat einer CPU
Komplexitit der Vernetzung
Taktung
Kommunikation
Taktfrequenz
Prézision
Speicherung
Programm
Speicherung des Programms

Energieverbrauch

1 (10° Transistoren)
grol
klein
sequenziell
minimiert
groR (schnell); 10°Hz
hoch (genau)
an einem Ort
designed
Software

30 Watt

10*? Neurone
minimal
gro3
parallel
maximiert
klein (langsam); 100Hz
klein (fuzzy)
verteilt
gelernt
Hardware

30 Watt

Vorlesung Deep Learning, A. Dominik, THM



Kapitel 1. Biologische Grundlagen neuronaler Netze

: ™




Vorlesung Deep Learning, A. Dominik, THM

1.2 Wozu haben wir ein Gehirn?

Schachspielen ist einfacher als gedacht!

Ein Bier einschenken ist schwieriger als gedacht!

Hochschule Weingarten

Tischtennis bis heute unmoglich!

Kuka vs. Timo Boll



Kapitel 1. Biologische Grundlagen neuronaler Netze

Wer festsitzt braucht kein Gehirn!
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1.3 Biologische Nervenzellen

Dentrit:
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Zellkorper:

=

Axon

Motoneuron
Purkinjezelle G
(Kleinhirn) 2 \\
= ;\.lm»
<
W d .
Pyramidenzelle

(Cortex)
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Die Evoultion des Gehirns:

The origin of the brain:
http://www.youtube.com/watch?v=6RbPQGIWTZM

Informationstibertrgung in Salven:

* Binires Signal %

* Frequenzmodulation

* Verzégerung %
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1.4 Neuronale Verschaltung im Auge

Ganglienzellen Amakrinzellen Bipolarzellen Horizontal-  Fotorezeptoren
Sehi zellen

(Axone = Sehnerv] )

X

4\%"‘»‘ ‘
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http://www.biomotionlab.ca/Dem
os/webgl_ walker/webgl_walker.p
hp

G. Johansson, ,Visual perception of
biological motion and a model for
its analysis®, Percept. Psychophys.,
14 (1973) 201-211.
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Eine kurze Geschichte der kunstlichen neuronalen Netze
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2.1 Die Anfange

Hypes and Stagnations

1959
Rosenblatt

1960
Widrow

1943
McCulloch, Pitts

Lernregel
Neuron

Minsky

1974
Werbos

Perzeptron Backpropagation

1982
Hopfiled

1982
Kohonen

1984
Hinton

Perzeptron Anwendungen
RBM, SOM, ...

1943: Warren McCulloch und Walter Pitts

¢ Neurone
*  Aktivierende und hemmende Verbindungen

*  Wo kommen die Verbindungen her?

T I

W

'W.S. McCulloch, W. Pitts; A logical calculus for neural activity; Bull. Math. Biophys. 5 (1943) 115-133.

A LOGICAL CALCULUS OF THE IDEAS IMMANENT IN
NERVOUS ACTIVITY*

® WaRREN S, McCULLOCH AND WALTER PITTS
University of Illinois, College of Medicine,
Department of Psychiatry at the lllinois Neuropsychiatric Insttute,
University of Chicago, Chicago, US.A.

“all-or-none” charact

them can be treated prop Togic

be described in these terms, with the addition of more compiicaed logical means for nets
re © 2 e

t behaving joni It i possible
neurophysioloical assumptions are equivalent, in the sense that for every ret behaving under
onc assamption. there cists anotber net which behaves under the other and gives the same
resulis, athough pechaps nol in the seme time. Various applications of the calculus are
discassed.

1. i Theoretical rests on certain cardinal
assumptions. The nervous system is a net of neurons, each having a soma and
an axon. Their adjunctions, or synapses, arc always between the axon of onc
neuron and the soma of another. At any instant a neuron has some threshold,
which excitation must exceed to initiate an impulse. This, except for the fact
and the time of its occurence, is determined by the neuron, not by the
excitation. From the point of excitation the impulse is propagated to all parts of
the neuron. The velocity along the axon varies dircetly with its diameter, from
<1 ms™" inthin axons, which are usually short. 10 > 150 ms™ " in thick axons,
which are usually long. The time for axonal conduction is consequently of lttle
importance in determining the time of arrival of impulses at points unequally
remote from Excitation
ly from axonal terminations to somata. It is still a moot point whether this
depends upon irreciprocity of individual synapses or merely upon prevalent
1 ‘To suppose the latter req hypothesis ad hoc
and explains known excentions. but any assumntion as to cause is comnatible

'W.S. McCulloch, W. Pitts; A logical calculus for neural activity; Bull. Math. Biophys. 5 (1943) 115-133.

1981 1995
Rumelhart LeCun

1997
Schmidhuber

LeNet,
CNN, LSTM

2012 /
Krizhevsky

AlexNet,
Deep ...
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Eigenschaften:

Ergebnisse:

Modifikation:

Parameter des McCulloch-Pitts-Neurons

wis

net; = f(04.n, Wi.nj) = Zoi wy
7

0;

a;j(t+1) = foer (a;(t), net;(t),0;)

Was ist moglich:

Output

a; Aktivierungszustand -

Netzeingabe

Schwellenwert (Theta)

~ schwellenwertfunkiion

¢ Ein neuronales Netz lait sich aus einfachen McCulloch-Pitts-Neuronen aufbauen

*  Erstaunliche Leistung moglich:
- Logische Gatter

- Klassifikatoren fiir linear separierbare Probleme.

Was nicht:

e Vernetzung und Gewichte miissen genau tiberlegt werden

* Keine Selbstorganisation

¢ Kein Lernen.
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2.2 Donald Olding Hebb: Lernregel

Hypes and Stagnations

1981 1995
Rumelhart LeCun
1982 1997
Hopfiled Schmidhuber 2012 |
1959 Krizhevsky
Rosenblatt 1982
1969 Kohonen |
Minsky /
1960 1984 /
Widrow Hinton /—'/
1943 |
Mcculloch, Pitts | 1074 - |

1949
Hebb L
/‘ -
Lernregel Perzeptron Backpropagation Perzeptron Anwendungen LeNet, AlexNet,
Neuron P Propag RBM, SOM, ... CNN, LSTM Deep ...

1949: Donald Olding Hebb

Ficure 8 Ficure 9

Ficure 8. Cells A and B lie in a region of area 17 (shown by hatching)
which is massively excited by an afferent stimulation. C is a cell in area
18 which leads back into 17. E is in area 17 but lies outside the region of
See text,

Ficune 9. A, B, and C are cells in area 18 which are excited by converging
fibers (not shown) leading from a specific pattern of activity in area 17.
D, E, and X are, among the many cells with which A, B, and C have con-
nections, ones which would contribute to an integration of their activity.

See text.

Pawlows Hund Baikal; Pawlow Museum Ryazan, Russland. D.O. Hebb; The Org ion of Behavior: A gical Theory (1949)
Wiley & Sons, New York.

ot gt Ghonk. i G e
Pe X aE Sl G B p;

T ———

elden i 5 an,um persnkcne Emenkingen zu rtaten.
Shnee? B i S ot B enk i i O s
Lo Brsvonce  Sonderangebots | sttt Gatschuina | Goschank

Neinkonts | Hia | imprassum

P € icche Bicrer v

Enwetete Sicre | Stikars | Bectoeler  Newheten | Tascheroicher | WefereFremcsorscnen | Sorchranaebote

Biche: vekuren

fir "habb bahaviour” auf A

‘onsequence of an

iecossary Knowledge An Introduction to Neurol

o Kauten: EUR 31,99 Netwarks

3 Sngsbate sb EUR 26,56 ey kaufan: SA4635 EUR 45,99
13 naebate ab £UR 39,92

2 > Endlizh fcols > Ssience > Eenavieral Seionces > Coankive Pavskoloay

iologism
Tusion
fon: EUR 31,90

55 Angetiote & EUR 91,50

e TheOronicstonof B —

he Ausgabe) 4 --nmr "
Organization D it s ur 1:0k

of Behavior EuR eI
EUR 38,99 kostntose usterns. 3ans paru (At menen Wunscaerel
! EUR 13,00 (26%)
Derzet nicht au Lager. e rgeboe:
Sottund i fefer, sokaid dor Arikol vofigbr 4 Angehote ab FUR 8,33
i

Bestalon S0

i sio
il L ot Vorausschi chen LeferCaum,

Nochten Sie vercawren’
Disen Al sodouten

vertigbar.

©ney b EUR 30,95 6 qebraucht &b EUR 5056

Wetters Ansashens [ ——
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Hebbsche Regel

,Wenn ein Axon der Zelle A [. .. ] Zelle B erregt und
wiederholt und dauerhaft zur Erzeugung von
Aktionspotenzialen in Zelle B beitrigt, so resultiert dies
in Wachstumsprozessen oder metabolischen
Veranderungen in einer oder in beiden Zellen, die
bewirken, dass die Effizienz von Zelle A in Bezug auf die

Erzeugung eines Aktionspotenzials in B grofler wird.

O
@ O
Gt
o
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Was ist moglich:
¢ Ein neuronales Netz lafit sich aus einfachen McCulloch-Pitts-Neuronen aufbauen

* Das Netz organisiert sich selbst.

Fragen:
¢ Kann das Netz lernen?

* Kann das Netz Erregungen verarbeiten, Muster speichern und wieder abrufen?

Hopfield-Simulator nach der Hebbschen Regel: Neuronicus

* https://homepages.thm.de/~admn12/pages/research/projectNeuronicus.html

*  Simulator mit erweiterter Hebb-Regel:

.Lerne, wenn Quell- und Zielneuron gleich aktiviert sind!“ i
—— Weigh
. weght
Weight[6

Weightf

H BN e
P . Weight
Assoziativer Speicher: - Weight
Weight]

. Weight|
* Trainieren Sie 1 Muster! Weight(6]

Weigh

Weight

o N i
* Trainieren Sie 2-3 Muster! .--- weigntls:
Weigh

Weight|
Weight
Weight|
Weight]

Weight(6]|
Weight[t
Weight]
Weight]

6]130]

002+0.5

Weight[6][31] = 0.01 +0.5

Weight
Weight
Weight[t

Was ist moglich:
¢ Ein neuronales Netz la3t sich aus einfachen McCulloch-Pitts-Neuronen aufbauen
¢ Das Netz organisiert sich selbst
¢ Das Netz kann lernen

¢ Das Netz kann Muster speichern und wieder abrufen.

Fragen:

¢ Wie kann man so etwas 1950 bauen?
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2.3 Frank Rosenblatt: Erstes Perceptron

Hypes and Stagnations

1981 1995
Rumelhart LeCun
1982 1997
Hopfiled Schmidhuber 2012
1959 Krizhevsky
Rosenblatt 1982
1969 Kohonen |
Minsky
1960 1984 /
Widrow Hinton B /
1943 T \ o
. « | — -
McCulloch, Pitts | 1974 -
/ ‘ Werbos /
y:
1949 7
Hebb =
//’ - e
A [ —
Lernregel Perzeptron Backpropagation Perzeptron Anwendungen LeNet, AlexNet,
Neuron P Propag RBM, SOM, ... CNN, LSTM Deep ...

1958: Frank Rosenblatt: Mark I Perceptron

»  Eingabematrix: 20x20

» 512 gewichtete Verbindungen

Fic. 1.

Organization of a perceptron.

Perceptron|

4 0N

-

F. Rosenblatt, , The perceptron: a probabilistic model for
information storage and organization in the brain,
Physiol. Rev., 65 (1958) 386 - 408.

| Neurone: Rohren (vgl. Omas Radio)

1
L4
L4
B
%
. Gewichtete Axone: Drehpotenziometer
. (vgl. Dimmer)
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Fi16. 1. Organization of a perceptron.

F. Rosenblatt, , The perceptron: a probabilistic model for information

storage and organization in the brain., Physiol. Rev., Bd. 65, Nr. 6, S.

386 — 408, 1958.

._‘->

'~
S~

-~

Py cal. Review
Val. 65, No. 6, 1958

THE PERCEPTRON: A PROBABILISTIC MODEL FOR
INFORMATION STORAGE AND ORGANIZATION
IN THE BRAIN!
F. ROSENBLATT
Cornell Aeronautical Laboratory

If we are eventually to understand

and the stored pattern. According to

the capability of higher for
perceptual recognition, generalization,
recall, and thinking, we must first
have answers to three fundamental
questions:

1. How is information about the
physical world sensed, or detected, by
the biological system?

2. In what form is information
stored, or remembered ?

3. How does i i ined

this hyp , if one the
code or “wiring diagram” of the nerv-
ous system, one should, in principle,
be able to discover exactly what an
organism remembers by reconstruct-
ing the original sensory patterns from
the ““memory traces” which they have
left, much as we might develop a
photographic negative, or translate
the pattern of electrical charges in the
of a_digital computer.

in storage, or in memory, influence
recognition and behavior?

The first of these questions is in the
province of sensory physiology, and is
the only one for which appreciable
understanding has been achieved.
This article will be concerned pri-
marily with the second and third
questions, which are still subject to a
'vast amount of speculation, and where

o) B P .

his hyp is appealing in its
simplicity and ready intelligibility,
and a large family of theoretical brain
models has been developed around the
idea of a coded, representational mem-
ory (2,3,9, 14). The alternative ap-
proach, which stems from the tradi-
tion of British empiricism, hazards the
guess that the images of stimuli may
never really be recorded at all, and
that the central nervous system

simply acts as an intricate s ng

———
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¢ Eingabeneuronen: Dumm
* Hidden Neurons: 1 Schicht

* 1 Ausgabeneuron, mit jedem Hidden Neuron verbunden
Lernen:
*  Nur die Gewichte der zweiten Schicht!

*  Hebbsche Regel mit Teaching Input

Frage:

¢ Frage: Wann wird ein Gewicht verandert?

Wie lernt das Mark I Perceptron?

Lege Muster und
Teaching Input an

Ergebnis
orrekt?

0 sollte aber
1 sein?

ja
VJ

Erhéhe Gewicht

A

1, sollte aber
0 sein?

ja
VJ

Verringere Gewicht

Nichstes Muster [<
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1962, Frank Rosenblatt:

Perzeptron-Konvergenz-Theorem:

,... Der Lernalgorithmus des Prezeptrons konvergiert in endlicher Zeit..

Principles of neurodynamics

F. Rosenblatt
Das Perceptron kann in endlicher Zeit alles lernen, was es reprasentieren kann
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2.4 Bernard Widrow und Ted Hoff: Deltaregel

Hypes and Stagnations

1959
Rosenblatt
1960
Widrow
1943 =
McCulloch, Pitts
/
1949 /
Hebb -
Lernregel
Neuron Perzeptron

1969
Minsky

Backpropagation

Deltaregel/Widrow-Hoff-Regel

1981
Rumelhart
1982
Hopfiled
1982
Kohonen

1984
Hinton

Perzeptron Anwendungen
RBM, SOM, ...

e Verbesserte Lernregel fiir das Perzeptron: Korrekturen abhéngig vom Fehler

*  Memistor Corporation

Marcian Edward ,, Ted* Hoff Jr.

e 1968: 12. Mitarbeiter bei Intel:
universelle Schaltung!

* 1980 CTO Intel

¢ 1983 VC Atari

Tnput
signals
el

(6) Arromgomant  witheut redundancy

5%

(5) Arraroment with racundancy

FIG. 2. FLACEMENT OF RESTORING OFGATS IN A REDUNOANT
CIRGUIT, ILLUSTRATED FOR A SIWPLE TAEE CIRCUIT

iired output
terated during training only)

2 ADAPTIVE ADALINE NEURON

'

1995
LeCun
1997 [
Schmidhuber 2012 |
Krizhevsky
LeNet, AlexNet,
CNN, LSTM Deep ...

Bernard Widrow

Pre r
Electrical Engineering Department

FIG. 9.

A MANUALLY-ADAPTED ADALINE NEURON
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2.5

Hypes and Stagnations

1959
Rosenblatt
1960
Widrow
1943 P
McCulloch, Pitts
y
1949 /
Hebb o
A
Lernregel
Neuron Perzeptron

1969
Minsky

\ 1974
Werbos

Backpropagation

Marvin Minski, Seymour Papert

KI-Definition von Minsky:

e ... Aufgaben zu l6sen, zu deren Losung Intelligenz
notwendig ist, wenn sie vom Menschen durchgefiihrt
werden ...

Marvin Minski: der AI-Winter

1981 1995
Rumelhart LeCun
1982 1997
Hopfiled Schmidhuber
1982
Kohonen
1984
Hinton
4 —
//’
/
_ /
Perzeptron Anwendungen LeNet,
RBM, SOM, ... CNN, LSTM

~ "MODEL SIX" |

Values, Censors, Ideals, Taboos
= 29
Supere b

Neuronale netze versus Symbnolische KI

Beispiel Cyc-Projekt:

Datenbank des impliziten Wissens!

ABER:

Das Perzeptron kann nur einfache Probleme
reprasentieren (Beispiel. OR aber nicht XOR)

Marvin Minsky:

Artificial neural networks are “Research Dead

End“

2012 |
Krizhevsky

AlexNet,
Deep ...

"People have silly reasons why computers don't really think.
The answer is we haven't programmed them right; they just

don't have much common sense.

There's been only one large project to do something about

that, that's the famous Cyc project

Marvin Minsky, MIT, May 2001

[oper—
e TimEnans
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AI-Winter: 1970s und 1980s

TTAPS

R. P. Turco, O. B. Toon, T. P. Ackerman, J. B.
Pollack, Carl Sagan;

Nuclear Winter: Global Consequences of
Multple Nuclear Explosions.

. Science 222 (1983) 1283-1292.

g Bild: Pexels.

Starke KI Schwache KI

Pixabay
Novag Robot Adversary (1982)

... und sind niitzlich

... aber maschinelles Lernen ist
1970 vielfiltig; Hypes:
ikt ki
* Backpropagation (Werbos, Rumelhart, Training 1980 * Regressionsmodelle
mehrschichtiger Netze)

* Selbstorganisierende Hopfiled-Netze * Hidden Markow Modelle
* Bolzmann-Maschinen (Simulated Annealing)

e S t Vector Machi
¢ Rekurrente Netze (Jordan und Elman) fiir 1990 upport vector Mactines

zeitabhéangige Daten
i * Random Forrests

¢ CNNs (LeCun) zur Bilderkennung
¢ LSTMs (Schmidhuber) 16sen das vanishing gradient

* Boosti
Problem. oosting
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2.6 Paul Werbos: Backpropagation

Hypes and Stagnations

1981
Rumelhart

1982 1997
Hopfiled Schmidhuber
1959
Rosenblatt 1982
1969 Kohonen
Minsky
1960 1984
Widrow Hinton

1943
McCulloch, Pitts

1949
Hebb

Perzeptron Anwendungen LeNet, AlexNet,

Lernregel .
Neuron Perzeptron Backpropagation RBM, SOM, ... CNN, LSTM Deep ...

¢ Paul Werbos entwickelt das Backpropagation Verfahren, zum Training mehrstufiger Netze
¢ Rumelhardt macht es 10 Jahre spéter bekannt

e Jetzt konnen endlich mehrstufige Netze trainiert werden!

llenges To Basic Scientific Understanding:
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2.7

Hypes and Stagnations

1959
Rosenblatt
1960
Widrow

1943

McCulloch, Pitts

Lernregel
Neuron Perzeptron

Proc. Natl. Acad. Sci. USA
Vol. 79, pp. 25542558, April 1962
Biophysics

Hopfield und Kohonen: A new hope

1981
Rumelhart
1982
Hopfiled
1982
1969 Kohonen
Minsky
1984
Hinton
| 1974
‘ Werbos

Back ti
ackpropagation RBM, SOM,

Neural networks and physical systems with emergent collective

computational abilities

(associative memory/parallel processing/
J. J. HOPFIELD

ble memory,/fail-soft devices)

Division of Chemistry and Biology, California Institute of Technology, Pasadena, California 91125; and Bell Laboratories, Murray Hill, New Jersey 07974

Contributed by John ] . Hopfield, January 15, 1982

ABSTRACT  Computational propertics of use to biological or-
ganisms or to the construction of computers can emerge as col-
lective properties of systems having a large number of simple

eq .
tent-addressable memory is described by an appropriate phase
space flow of the state of a system. A model of such a system is
given, based on aspects of neurobiology but readily adapted to in-
tegrated circuits. The collective properties of this model produce
a content-addressable memory which correctly yields an entire
‘memory from any subpart of sufficient size. The algorithm for the
time evolution of the state of the system is based on asynchronous
parallel processing. Additional emergent ?vlleeliw properties in-
lizati familiari iti

tent-addressabl

i memory or using ex-
tensive asynchronous parallel processing,
The general content-addressable memory of a physical
system
Suppose that an item stored in memory is “H. A. Kramers &
G. H. Wannier Phys. Rev. 60, 252 (1941).” A general content-
addressable memory would be capable of retrieving this entire
memory item on the basis of sufficient partial information. The
input “& Wannier, (194])" might suffice. An ideal memory
could deal with errors and retrieve this reference even from the
input “Vannier, (1941)". In computers, only relatively simple

clude some capacity for
categorization, error correction, and time sequence retention.
The collect 5 ly weakly sensitive to details of the

modeling or the failure of individual devices.

(ivan tha dunaminal alantmehaminal aranertioc afnenrane and

rms of content: ble memory have been made in hard-
ware (10, 11). Sophisticated ideas like error correction in ac-
cessing information are usually introduced as software (10).

There are classes of physical systems whose spontancous be-
havior cn Jbe usic‘l as a form 0{_‘ 5"";“] (t“d error-correcting)

I

Perzeptron Anwendungen

https://de.wikipedia.org/wiki/Ising-Modell

Neuronale Netze verhalten sich wie Spin-Glaser.
Spingléiser ordnen sich spontan und immer.

Simulation eines Isingmodelles

1995
LeCun

1997
Schmidhuber

LeNet,
CNN, LSTM

2012
Krizhevsky

AlexNet,
Deep ...
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Teuvo Kohonens selbstorganierende Karten

Viele Implementierungen in den 1980er und -90er Jahren
¢ Viele basieren auf:
¢ McCulloch-Pitts Neuronen

* Backpropagation Lernen

In den folgenden Jahrzehnten werden kiinstliche neuronale Netze eingesetzt fiir
* Aufgaben der schwachen KI:
* Klassifizierungen

¢  Mustererkennung
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2.8 LeCun, Schmidhuber, Hinton: Deep Learning

Hypes and Stagnations

1981

Rumelhart

1982

Hopfiled
1959
Rosenblatt A‘ 1982

1969 Kohonen

Minsky

1997
Schmidhuber

1960
Widrow

1943
McCulloch, Pitts

1974
Werbos

1949
Hebb

Lernregel . Perzeptron Anwendungen LeNet, AlexNet,
Neuron Perzeptron Backpropagatlon RBM, SOM, .. CNN, LSTM Deep ...
1995: Yann LeCun, LeNet
C3: f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5
INPUT 6@28x28
32x32 S2: f. maps

6@14x14

|
Full coanection ‘ Gaussian connections

Convolutions Subsampling Convolutions ~ Subsampling Full connection

Fig. 2. Architecture of LeNet-5, a Convolutional Neural Network, here for digits recognition. Each plane is a feature map, i.e. a set of units
whose weights are constrained to be identical.

Yann LeCun, Leon Bottou, Yoshua Bengio, Patrick Haffner, 1998. Gradient-Based Learning Applied to Document Recognition.
Proc. IEEE 86, 2278-2324. http://yann.lecun.com/exdb/lenet/

Convolutional Neural Network (CNN)

feature maps feature maps  feature maps feature maps QUTPUT
12@8x8 12@4x4

%‘“‘T LeNel 5 in:snncn e ez

answer: 0

26@1x1

Y. LeCun, L. D. Jackel, L. Bottou, A. Brunot, C. Cortes, J. S. Denker, H. Drucker, I. Guyon, U. A. Muller, E. Sackinger, P.
Simard, and V. Vapnik. Comparison of learning algorithms for handwritten digit recognition. In F. Fogelman and P.
Gallinari, editors, International Conference on Artificial Neural Networks (1995) 53-60, Paris, EC2 & Cie.
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2011: Schmidthuber, DanNet, erste GPU-Implementierung

Auf der JCNN, 2011

J. Schmidhuber, International Joint Conference on Neural Networks, San Jose, California, (2011) USA, July 31 - August 5.

Convolutional Neural Network (CNN)

[JCNN 2011 ON-SITE

TRAFFIC SIGN

RECOGNITION Neuronales Netz
COMPETITION OF

2 AUGUST 2011:

15T (0.56% ERROR)

2% HUMANS (1.16%)

30 (1.69%)

4™ (3.86%)

Andere ML- und
Ciregan, D., U. Meier, J. Schmidhuber. Multi-Column Deep Neural Networks for Image .
Classification. In 2012 IEEE Conference on Computer Vision and Pattern Recognition (2012) 3642-49. Bildanalyseverfahren

2012: Krizhevsky, AlexNet, Durchbruch der GPU-Implementierung

AlexNet

224x224x3 (Bilder mit RGB-Kandlen)

Conv. 96 Feature Maps, Kernel 11x11x3, Stride 4x4
Max pooling5x5
Conv. 256 Feature Maps, Kernel 5x5x48
i Max pooling3x3
Conv. 384 Feature Maps, 3x3x256
Conv. 384 Feature Maps, 3x3x192

EL«LHXQ&QJA&SE&Q : Conv. 256 Feature Maps, 3x3x192

J Max pooling3x3
FC 4096
FC 4096
Output:f,gvljxgv%m Output 1000 (Klassen)

1 (Softmax)
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Figure 4: (Left) Eight ILSVRC-2010 test images and the five labels considered most probable by our model.
The correct label is written under each image, and the probability assigned to the correct label is also shown
with a red bar (if it happens to be in the top 5). (Right) Five ILSVRC-2010 test images in the first column. The
remaining columns show the six training images that produce feature vectors in the last hidden layer with the
smallest Euclidean distance from the feature vector for the test image.
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2.9  Evolution der kiinstlichen Intelligenz

Catherine Pham, The theory of evolution IBM PC DGX Quantencomputer

Technologie: Schnellere Computer!

1985: heute:
TGSIC\Ihlchten, 1000 Schichten,
eurone, 500 000 Neurone,

55 Verbindungen 100 000 000 Verbindungen

Sussillo, David, and L. F. Abbott. Random Walk
Initialization for Training Very Deep Feedforward
Networks. ArXiv:1412.6558 [Cs, Stat] (2014)

S. Nitish, G. Hinton, A. Krizhevsky, I. Sutskever, R. Salakhutdinov. Dropout: A Simple Way
to Prevent Neural Networks from Overfitting. J. Machine Learn. Res. 15 (2014) 1929-1958

Technologie: Big Data!

14 197 122 Bilder
21 841 Synsets

Li Fei-Fei, image-net.org (2018) Stanford University
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Technologie: Softwareengineering

1960 1980
Hardware Software == Simulation

int  kr_nakeDefaultUnit(void)

struct Unit “unit_ptr;
FunctionPtr func_ptr;
int unit no;

int i

if ((unitno = krm_getUnit()) == 0)
return( Kernelerrorcode )
unit_no = abs(unit_no);

if (KernelErrorCode = KRERR NO ERROR)
return( KernelErrorcode );

(void) kr_setAllUnitvalues( unit_no, (FlintTypeParan) DEF_OUT, DefaultIAct,
DefaultlAct, Defaultsias );

unit ptr = unit array + unit no;

unit_ptr->Ftype_entry = NULL;

unit_ptr->value_a = (FlintType) 0; /*previous bias change*/
unit_ptr->value_b = (FLintType) 0; /*previous bias slope'/
unit_ptr->value_c = (FlintType) 0; /*actual bias slope’/

Andreas Zell, SNNS, kernel.c

Leistung des NN = Leistung des Computers

S
N

NVIDIA GeForce GTX 560, NVIDIA GeForce GTX 1070, NVIDIA DGX-1, nvidia

nvidia (2011) Pascal, nvidia (2016) (2016)

336 Kerne 2423 Kerne 40 960 Kerne

1GHz 1,6 GHz 5 120 Tensor-Recheneinheiten

3,6 GHz — 1000 TFLOP (1000 * 10'%)

Microvax 78 Origin 300,
DEC (1989) Silicon Graphics (1996)
1CPU 32 CPUs
12 MHz 500 MHz

2012: 622312 2018

Neurone (AlexNet, =10 000
1985: 100 Neurone Alexander Krizhevsky)

1995: 10 000 Neurone 30116
(LeNet, Yann LeCun) =100x

function train(w, dtrn; 1r=.05)

2 for (x,y) in dtrn
3 g = lossgradient(w, x, y)
update! (w,9;lr=1r)
5 end
p return u 1 (x_train, y_train), (x_test, y_test) = mnist.load_data()
7 end z
8 3 model = Sequential()
0 TR 4 model.add(Dense(512, activation='relu’, input _shape=(784,)))
10 W = ueights(o[ :hidden]...; atype=atype, winit=o[:winit]) 5 SpELAMDNR(SI2, AELUAtEan="TRNGLY)
5 ¥trnsytrn:xtst,ytst = nnist() 6 model.add(Dense(nun_classes, activations'softmax'))

12 glebal dtrn = minibatch(xtrn, ytrn, of:batchsize]; xtype=atype)

glebal dtst = minibatch(xtst, ytst, o[:batchsize]; xtype=atype) 8  model.compite(loss='categortcal crossentrapy’,

@tine for epoch=1:o[:epochs] 9 optinizer=RMsprop(),
10 tcs=[" 3
15 traln(w, dtrn; lr=o[:1r], epochs=1) 10 metrics=['accuracy'])
16 report(epoch)
1 F o[ :qcheck] > © model. Fit(x_train | y_train,
gradcheck(loss, w, first(dtrn)...; gcheck=o[ :gcheck]) batch_steesbiatch stze,
end epochs=epochs,
end verbose=1,
return w 16 validation_data=(x_test, y_test)
21 -
22 end

Knet — fiir Informatiker Keras — fiir jedermann
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1985: 100 Neurone
1995: 10 000 Neurone (LeNet, Yann LeCun)
2012: 622 312 Neurone (AlexNet, Alexander Krizhevsky)
2018: AlphaZero, viele Neurone
64 TPUs 2. Generation

5000 TPUs 1. Generation
(7000 PFLOP)

Google TensorFlow Precessing Unit, 3. Generation
Google (2018)

— 100 PFLOP (100 * 10'%)

=1000 000 x

2016: AlphaGo

2018: AlphaZero

Game White Black Win Draw Loss
Chess AlphaZero Stockfish | 25 25 0
s Stockfish  AlphaZero | 3 47 0
— AlphaZero Elmo 43 2 5
8! Elmo AlphaZero | 41 0 3
-~ AlphaZero  AGO 3-day |31 = 19
AGO3-day  AlphaZero | 29 - 21

Funktioniert wie 1985, aber

Schach: 44 000 000 Partien in 4 h

Grofimeister: 50 Jahre, 2500 Partien/Tag
oder 12000 Jahre bei 10/Tag

S. David, T. Hubert, J. Schrittwi
Mastering Chess and Shogi by Se
Algorithm. ArXiv:1712.01815v1 [Cs,

Antonoglou, M. Lai, A. Guez, M. Lanctot, et al.
1y with a General Reinforcement Learning
1] (2017).
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Evolutionire Spriinge in der Vergangenheit und in der Zukunft?

Evolution geschieht nicht linear

s

Spriinge bei:

¢ Draht — Simulation

¢ Computer — GPU
*  GPU — spezielle ML-Hardware

1M PC pax Quantencompater

* Programmieren — Konfiguration

Starke KI Schwache KI

A —
STOCKFISH

IChesson

... wird stéarker ...

86 000 000 000 Neurone Wann? 10 000 000 Neurone

100 x 100

*  1970er: 50 - 200 Interessierte
*  1980er/90er: steigendes Interesse

fi © Heute: jeder!
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Fragen:

¢ Wann ist die schwache KI so stark wie die starke?
¢ Wann ist sie starker?

¢ Wie verhindern wir Mif3brauch, wenn es jeder kann?

Ban lethal autonomous weapons:
https://autonomousweapons.org/slaughterbots/

US Air Force, 2017:
https://www.youtube.com/watch?v=PYLPOpAGbEO#t=0m40s
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Das Perzeptron
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3.1 Biologische und kiinstliche Neurone

Der Aufbau unserer kiinstlichen Neurone ist etwas vereinfacht ...

- >
NP

fan-out

OO ity

Die Aktivierung biologischer Neurone wird mit Hilfe der net () ~Funktion und der Aktivierungsfunk-
tion simuliert:

netj = f (04..ns wi..n.j) = Z 0; * Wij
i
9
(

aj(t+1) = fact (a;(t), net;(t),0;)

W

J
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3.2  Nomenklatur

Namen im DNN:

Inputlayer
Stufe %
Hidden layer
Stufe fully (connected), dense
‘S
Stug

é Outputlayer
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3.3 Plattformen und Sprachen

1. Generation:

Simulatoren mit GUI
*  SNNS, JavaNNS
¢ http://www.ra.cs.uni-tuebingen.de/software/JavaNNS/
* RSNNS

Emergent

¢ https://grey.colorado.edu/emergent/

o o s i e
memBrain (e AL (ST

Viele, viele Alternativen!

Tensorflow (Google) Torch7
Go, Python, Julia, ... Tensor-Library
(MATLAB-Stil/Lua)
OpenNN (NeuralDesigner)
C++ Library PyTorch
Tensor-Library (AutoGrad)
Keras (TensorFlow)
Python Library Caffe
C++, PyCaffy/MATCaffe

Mxnet
Deep learning library: Python, Lasagne (Backend Theano)
R, Scala, Julia Deep learning, Python
DeepLearning4] Mocha
Java - rasante Entwicklung! Deep learning (Caffe) fiir
Julia
KNet
Julia, Idee statt Framework MatConvNet

Matlab
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Manche Sprachen sind schneller als andere - interessanterweise werden sehr langsame Sprachen auch
im Machinine Learning genutzt:

htps://juliakorea.github.io/benchmarks/

C | Julia | LuaJIT | Fortran | Go Java
scilua
gee
0.6.0 | v1.0.0- | gec4.8.5 | go1.7.5 | 1.8.0_14
4.8.5
bi2
iteration pi_sum 1.00 1.00 1.00 1.00 1.02 1.01
recursion_fibonacci |1.00 1.88 1.40 0.58 1.88 1.71
recursion_quicksort |1.00 0.94 1.53 1.30 1.24 2.55
parse_integers 1.00 1.35 1.00 5.39 1.00 2.49
print_to_file 1.00 0.66 0.57 3.44 1.98 6.01
matrix_statistics 1.00 1.74 1.63 1.87 5.77 4.91
matrix _multiply 1.00 0.98 1.11 1.27 1.24 8.85
userfunc_mandelbrot |1.00 0.76 1.04 0.75 0.81 1.13
. Mathe-
JavaScript | Matlab " Python R Octave
matica
v8 R P
. ; 11.1.1 .5. 331 ot
4.5.103.47 2017a %54 33 403
iteration_pi_sum 1.00 1.00 1.54 20.25 8.88 448.22
recursion_fibonacci 3.82 20.29 142.28 98.69  [652.86  [17878.75
recursion_quicksort 2.90 3.08 45.53 37.51  [263.32 3261.04
parse_integers 6.41 238.10 14.72 18.77 50.90 3797.82
print_to_file -- 116.70 61.93 1.38  [136.95 197.32
matrix_statistics 3.06 17.86 7.55 17.78 19.65 56.20
matrix_multiply 24.89 1.18 1.19 117 8.84 1:21
userfunc_mandelbrot 1.07 19.48 19.35 142.95  [347.41 8981.32
Mini-Cheat-Sheet fiir Umsteiger:

Numpy Matlab R Julia

x[0] x(1) x[1] x[1] Erstes Element

np.random.randn(3,3) randn(3) Matrix( randn(3,3) 3x3 Random-Matrix

rnorm(9),3) mit normalverteilt

np.arange(1,11) 1:10 1:10 1:10 15280510,

Xy Xi.*y X *y Xxy Elementweise

Multiplikation
np.dot(X,Y) Xty X %*% Y XA Matrixmultiplikation

d = {‘one’:1, ‘two’:2} d = containers.Map( - d Hashtable

d[‘one’] {‘one’,"two’},

{1,2});
d(‘one’) d[

f = lambda x, mu, sigma: f = @(x,mu,sigma) f = dnorm( f(x,u,8) = Gaussian density
np.exp(-(x-mu)**2 / exp(-(x-mu)~2 X, mu, sd) exp( function
(2*sigma**2) ) / (2*sigma”2)) / - (x-n)"2/26%2)/
sqrt(2*np.pi*sigma”2) sqrt(2*pi*sigma”2) sqrt(2n*672)

r = np.random.rand( r = rand(size(x)) y = ifelse( r = rand(size(x)) Dropouts
*x.shape) y = x ¢ (r>t) runif(length(x)) y o= ¥ > t)

y=x*(r>t) >t, x, 0)

Man kann DNNs programmieren, dann ist man ein Ingenieur - oder verwenden, dann ist man ein Auto-
fahrer. Aber: wer ein besonders guter Autofahrer sein will, der muss wissen wie sein Auto funktioniert!
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3.4 Neuronale Netz sind konvexe Klassifizierer

§ A T
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3.5 Supervised Training neuronaler Netze

Das Perzeptron lernt tiberwacht:

* Das korrekte Ergebnis wird vorgegeben und mit der
aktuellen Ausgabe verglichen.

* Ein Fehler wird berechnet.
e Parameter werden angepasst.

* Das neuronale Netz wird so lange trainiert, bis die
Outputneurone die gewiinschte Ausgabe erzeugen.

Entspricht das dem biologischen Vorbild?

Fehlerflache am Beispiel OR fiir die 4 Pattern:

_1 2
C< ? E, = 3" Z(tw 0pj)
w, w, !

Loss fiir Pattern 0,0 -> 0

1.0 0.0

1 9
E, = 3 Z(tm’ — 0p;)
J

ii Loss fiir Pattern 1,0 -> 1

1.0 0.0
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Loss fiir Pattern 0,1 -> 1

ik 2
E, = 3 Z (tpj — 0pj)
w, w, 4

1.0 00

1 5
E, = 3 Z (tp; — 0pj)

w w, o

i i Loss fiir Pattern 1,1-> 1

0 09

Loss fiir alle Patterns:

LSquaTe L B Z Ep
P
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Aus der Fehlerflache konnen wir den Gradienten ermitteln:

Lokal: immer eine Parabel! £, = % . Z (tpj — 0,;,/)2

)

text

grofler Gradient — grofie Schrittweite

kleiner Gradient — kleine Schrittweite

f(x) = X2 > y Gut oder schlecht?
4
3
2
1
B C X
3 -2 -1 0 1 2 3 4
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3.6  Ableitung der Deltaregel fiir ein einstufiges Netz

Fehler des Netzes:

Differenz zwischen tatsachlichem Output (0j) und Teaching
Input (tj) jedes Outputneurons

Abhingig von allen Gewichten (wij)

Ergibt eine Hyperflache mit i x j Dimensionen

2
5" (tp; — 0p5)

j

cSmare — g~ Y,
»

mehr Nomenklatur, die in der Veranstaltung konsistent gehalten wird!

9 d
Aw;j; = _UWE(W) ==l Z Bw'-Ep
ij p K

. Indices: Symbole:
1
w, i: Quelle o: Output/
Aktivierung
J: Ziel

\6/ ‘6 t: Teaching input
J p: Pattern/

Sample n: Lernarate eta

IE,

Aw;; = -n- Z z
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|

L 1

Deltaregel/Widrow-Hoff-Regel als offline-Variante

Awy; =n- Zopifsm' =1- Z%i (tpj — op;s)
P P
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|

.

Deltaregel/Widrow-Hoff-Regel als online-Variante

Awpij = 10pidpj = N0pi (tpj — 0p;)




55

Vorlesung Deep Learning, A. Dominik, THM

|

L

ABER: die Aktivierungsfunktion diirfen wir nicht vergessen

\

J

JE(o(w)) OE 0o

bisher: = — —
e ow do Ow
aber:
1
E, = 5 Z(tm’ — 0p;)
J
und

Opj = fact(z(oi : wlj))

i

deshalb:

OB(ofmet(w)) _ 9B 9o
dw do Onet Ow
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act
R
Acsd)

Awpij = 10pidp;

APy 3 r.?u)(/(— ‘?‘Y)>

Ay

L o 3,'5 lictre g&;d\ b\é

acl
d ?a-u) 5
dew) 7

Awpij =1 0p; -

Awpij =1 0pi - 0p;(1 — 0p;) - p;
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3.7 Kreuzentropie als Loss

Bindre Kreuzentropie

Shannon Entropie
(Informationsgehalt bei zwei méglichen
Mustern P, und P,):

H=- Z(Pp ~logaPp)
1 oder 0 P

H = —(P1 . lngPl + P2 . lngPQ)

Kreuzentropie:
(Informationsgehalt des Unterschieds bei
zwei Klassen):

£Xbinary —

=D (ty - logy(0p) + (1 — 1) - logs (1~ 0y))

Die Kreuzentropie hat alle Eigenschaften, die wir von einer Lossfunktion erwarten!

(Dt=10

2 3
wern & £ <A : é‘Jop <o o‘i e
Y4
veuy Cr:0,=4 oy €00t 0
ol ; op muss . P LD s g

LYy = (¢, - logy(0p) + (1 — t,) - logs(1 — 0,))
p

Bei mehreren Outputneuronen geht das ganz dhnlich:

roher Output

o, (Likelihood aus Softmax)

O O O O O O t, (Wahrheit)
Ef(o,t) = thj -logy é =— Ztm— -logy 0p;
J J

£i7( (0,t) = —(tp,1 - logy 0p,1 +tp,2 - l0gy 0p2 + -+ +1p 5 - logy 0p )
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Und wenn man denkt eine One-Hot-Kodierung zu brauchen, dann braucht man sie (fast) sicher nicht!

Ezf(o, t) = —(tp,1 - logy 0p1 + tp 2 -10gs 0p 2 + tp3 - 108y 0p 3 + tp 4 - logy 0 4)

X
[’p (07 t) =5 _tpy2 ) lOgQ Op,2 = — lOgQ Op,j=class
roher Output
julia> t = 2
o, (Likelihood) lia> x_loss(o,t) = -log(oltD

# o: Vektor der Outputs

O . O O t (Wahrheit) # t: Index der korrekten
P

#  Klasse

0=(0.3,06,0.1,0.0)
t= (0.0, 1.0, 0.0, 0.0)

T

Die Berechnung der Kreuzentropie als NLL (nagative-Log-Likelihood) fiir die ganze Minibatch ist ein-
fach:

... aus unnormalisiertem Output (== keine Aktivierungsfunktion!):
kein One Hot!
# o: Vektor der Outputs
# t: Teaching-Vektor mit korrekten Klassen
# flir Minibatch der Grofie n:
2> p = exp.(0) ./ sum(exp.(0), dims=1)

> nll = -1/n * sum([log(plt[il,i]) for i in 1:mn])

o, p:

H Bl u
¥ m

H =

to[1,3 1,4 2 1]
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3.8  Ableitung der Deltaregel fiir ein einstufiges Netz mit Kreuzentropie als
Loss

Lernregel fiir die binare Kreuzentropie

(~or d \

= — Dty -log(op) + (1 —1;) - log(1 — o))

811)1' j awi j
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Zusammenfassung: Lernregel fiir Square-Loss

Aktivierungsfunktion:
¢ linear:

Awpij =1+ 0pi - Opj

e sigmoid:

Awpij =1+ 0pi - 0pi(1 = 0p:) - Op;

Zusammenfassung: Lernregel fiir X-Entropy-Loss

Aktivierungsfunktion:
e linear:

51)]‘

Awpi; =0+ 0p; » —————
Py pr
Opi(]- - 07)1',)

*  sigmoid:
Awpij = 1) - 0p; - Op;
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Das Multilayer-Perzeptron (MLP)
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4.1 Backpropagation

Schritt 1: Forwardpropagation:

Awpij = —1) - 0pi - Ip;

bpj = Z SpkWpk
k
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4.2 Automatisches Differenzieren

AutoGrad fithrt den Code unter Beobachtung aus und schriebt ein Protokoll (ein Tape) mit. Das Tape
kann mit den bekannten Ableitungsregel abgeleitet werden.
AutoGrad:

AST und Berechnungsgraph (Tape):
using TreeView: walk_tree

parse_all(code: :AbstractString) = Meta.parse("begin $code end")
stro=

Al

y=2
z = sqrt(x"2 + y~2)
z+1

(walk_tree * parse_all)(str)

i = nor = ) one:d =¥ Vi £30)
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—
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5.1 Lernen und Verstehen

Es gibt Streber und Ingenieure, was ist unser Netz?

¢ Wie lernt ein Streber?
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5.2 Generalisierung und Overfitting

Generaliserung

Neuronale Netze sollen intelligent sein — keine
Streber!

Unser NN soll ...

* ... das Problem zu représentieren.

¢ ... nicht die Trainingsmuster auswendig lernen.
* ... mit unbekannten Daten umgehen konnen.

* ... im Notfall halbwegs gut raten!

Problem: Wie die richtigen Hyperparameter finden?
1) Datensatz teilen in Train / Validation / Test.

2) Netz so optimieren, dass es Train moglichst gut
reprdsentiert.

3) Netz regularisieren, so dass es Validation mdglichst gut
vorhersagt.

4) Fertiges Netz mit (ganz neuem) Test-Datensatz
iiberpriifen.
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5.3 Regularisierung

7 goldene Regeln

Keep it knee-high to a grasshopper!

A=
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5.4 early Stopping!

Authoren, sobald der Loss der Valisierungsdaten wieder steigt:

éOZOvO9»1371533«447128Isthm!prl—'l' EST: XLoss

15+ train
= ~ vaiid

12
09 -
06 — -
03 .=

0 5 10 15 20
10~ Acc
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5.5 Be greedy!

Je mehr Trainingsdaten, desto besser! (das gilt auch, wenn man schon viele Daten hat)

Keep it knee-high to a grasshopper: simple is better than complicated!

Be anxoius: Early stopping is beautiful!

Be greedy: more is better than much! X
\}
e C o NER
Become rich: augment the world! gﬁu g\

Have fun: go to Carnival in Venice!

Forget it all: weight decay!

SO O ON =

Join the Emmentaler conspiracy: drop ‘em out!
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5.6 Augmentation!

Alle Modifikationen erzeigen, die sinnvoll sind:

v\
YIS
M MM Y
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5.7 Carneval in Venedig!
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5.8 Weight Decay!

Das originale Weight-Decay von Paul Werbos:

Biologisch Plausibel: Die Natur verringert Gewichte
nicht durch Training, sondern durch Zeit (= nicht
genutzte Axone verkiimmern).

Apwij (t) =1 0pi - Opj —d - wi; (£ — 1)

Umsetzung:

e Typische Werte: 0,000001 < d < 0,01

¢ Damit ist sogar Training mit der originalen
Perzeptronlernregel méglich.

Weight-Decay durch L2-Regularisierung:

Begrenzung der Gewichte durch Loss-Manipulation wi;(t+1) = w(t) + Awi; = w(t) — ,Uac(W)
oA : x i Ow; ;
L2 _ d o2 ¢
LEW) = LW) + 5 Z w?;
NuEE
Weight-Decay durch L1-Regularisierung:
. IV . aL(W)
Begrenzung der Gewichte durch Loss-Manipulation wig(t+1) = w(t) + Awij = w(t) —1
HA i Ow;

d
L1/ — e
EEW) = LW)+ 23

K
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e Original:

Apwi; (t) =n-opi- 0pj —d-wy; (t—1)

-1y g (t) - n 2

wit+1)=(1 g

oL

-d
wi;(t+ 1) = wy;(t) — nngn(wij) Mg
ij
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5.9 Drop-Outs!

2010-14: Geoff Hinton [arXive 2012]

Journal of Machine Learning Research 15 (2014) 1929-1958 Submitted 11/13; Published 6/14

Dropout: A Simple Way to Prevent Neural Networks from
Overfitting

Nitish Srivastava "TORONTO.EDU
Geoffrey Hinton °S TORONTO.EDU
Alex Krizhevsky

Ilya Sutskever

Ruslan Salakhutdinov
Department of Computer Science
University of Toronto

10 Kings College Road, Rm 3302
Toronto. Ontario. M5S 3G4. Canada.

“TORONTO.EDU
“TORONTO.EDU
"TORONTO.EDU

A motivation for dropout comes from a theory of the role of sex in evolution (Livnat et al.,
2010). Sexual reproduction involves taking half the genes of one parent and half of the
other, adding a very small amount of random mutation, and combining them to produce an
offspring. The asexual alternative is to create an offspring with a slightly mutated copy of
the parent’s genes. It seems plausible that asexual reproduction should be a better way to
optimize individual fitness because a good set of genes that have come to work well together
can be passed on directly to the offspring. On the other hand, sexual reproduction is likely
to break up thes lapted sets of genes, especially if these sets are large and, intuitively,
this should decrease the fitness of organisms that have already evolved complicated co-
adaptations. However, sexual reproduction is the way most advanced organisms evolved.
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Dropouts am MNIST-Datensatz:

MINST Datset:
http://yann.lecun.com/exdb/mnist/

Classification Error %

0 200000 400000 600000 800000 1000000
Number of weight updates

Dropouts am RNN:

st wan
P

1)
osf
o6 —
03l

o L] 10 15 . 20
10p Acc .
osl-
o5 —
val-
0z
o 0 5 10 15 20

tran

\ E—

osf \
\ 60% Dropouts:

osf- )
o4 o -

o 10 20 30 40
10- Acc
(L]
osf /
o4l
o2}
00
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5.10

Regularisierung ist einfach alles!
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6.1 Ein Wort zu Aktivierungsfungionen

Das Neuron:
)
\u}i,] /
\Cj
J
netj = f(oi..n7wi..n,j) = Zoi * Wi
i

aj(t + ].) = fact(netj(t),b‘j)

Idenditat:

\/ovL’-‘.O—’.

Nodifel(e

Schwellenwert:

100

Voulerla:

Nodilel(e
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Sigmoide Funktionen

Logistic (aka sigmoid):

Die Mutter aller Sattigungsfunktionen®

Gradient der Logistic-Fun:

f(x) = H%
e
J@) = 1

julia> f(x) = 1/(1+exp(-x))
julia> using AutoGrad

julia> plot([f, grad(f)])

Gradient der Logistic-Fun mit T=0,1:

T=01

1
Xr) = —F%
O
Julia> f(x) = 1/(1+exp(-x/0.1))
julia> using AutoGrad

julia> plot([f, grad(f)])
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tanh:
2
f(ﬂ?):1+e,z—1
o0 f(z) = tanh(z)
Voulele:
Kisalerte

Magischer tanh von Yann LeCun

17159 anh23*x)

2 : o i 2
e™ ! cos(er)

_& O < 1,7159
s

2
ftanh (net) = 1,7159 - tanh(gnet)

maximale Anderung des Gradienten bei +1.0 und -1.0

Softsign:
o5 schonerer Gradient
osf -
) =
) f@) =
\/ovL’-‘.ui
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Rectified linear Units

ulia> relu(x) = max(0,x)

... trainiert schnell!

Figure 1: A four-layer convolutional neural network with ReLUs (solid
line) reaches a 25%training error rate on CIFAR-10 six times faster than

an equivalent network with tanh neurons (dashed line).

0.75
@ 05
T Y
s ~
2 ~
(3 o
£ i
c U g
© 025 —
Pt
0 T T T T T T T
0 5 10 15 20 25 30 35
Epochs

Krizhevsky, A, Sutskever, L, Hinton, G.E., 2012. ImageNet Classification with Deep

Convolutional Neural Networks, in: Pereira, F., Burges, CJ.C., Bottou, L., Weinberger, K.Q.
(Eds.), Advances in Neural Information Processing Systems 25. Curran Associates, Inc.,

pp. 1097-1105.

SoftPlus:

(@) =In(1+¢")
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SoftMax

Bei Klassifizierung gegen einen One-Hot-Vektor: eTi

— Maximum Likelihood Estimation

— Softmax Classifier

Gedankenexperiment Reis:

e %k
ol dpe
e~ Toriin
Pgrin = ——g— 7z
e—Trot | e—Zgriin

Wabhrscheinlichkeiten:

ek

e~ Tgriin

pgrﬁn - e Trot - e Tgrin
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SoftMax Likelihoodschatzer:

Sigmoide multinomiale logistische Regression €%

Zusammenfassung:

¢ linear

e logistic/sigmoid
e tanh

e softsign

*  magischer tanh

¢ ReLU

¢ ReLu-dhnliche
¢ Softmax

netj = f(oi..nywi..n,j) = Zoi Wi

i

a; (t + 1) = faCt(netj (t), 9])
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6.2 Ein Wort zu Minibatches

Die Theorie:

LFo L

... geht bei kleinen Datensitzen!

aber was, wenn 1 000 000?

Eine Minibatch im Tensor:

po3e,

~

Y

po 3o,

7

Wie verhalt sich das Training bei Minibatches unterschiedlicher Gro3e?

¢ GPU-Server Yamata no Orochi, MNIST-Dataset und
grofles MLP (um den Effekt zeigen zu kénnen):

using Base.Iterators: flatten
using IterTools: ncycle, takenth
using Statistics: mean
using MLDatasets: MNIST
5 import Knet # load, save
using Knet: KnetArray, nll, zeroone, progress!, sgd,
param, paramd, dropout, relu, minibatch, Data

Xtrn,ytrn = MNIST.traindata(Float32); ytralytr
Xtst,ytst = HNIST.testdata(Float32); ytstlyts

struct Dense,
(d: :Dense) (x
Dense(i::Int,

; end
* dropout(x,d.p) .+ d.b)
elu; pdrop=0) = Dense(param(o,i), param@(o), f, pdrop) #J

5 flat(x) = mat(x)
struct WP
v

ayers
MLP(layers...) = new(layers)

end
1 (c::MLP)(x) = (for 1 in c.layers; x = L(x); end; x)

ILP) (x,y) = nll(c(x).y
(c: :MLP) (d::Data) = mean(c(x,y) for (x,y) in d)

1 mlpnet = MLP(flat,
Dense(784,512),
Dense(512,256,pdrop=0.3),
Dense(256, 64),
Dense( 64, 10,identity))

dtrn = minibatch(xtrn, ytrn, 1; xsize = (28,28,1,:))
(x,y) = first(dtrn)

dtrn = minibatch(xtrn, ytrn, ; xsize = (28,28,1,:))
progress! (sgd(mlpnet, ncycle(dtrn, 10)))
3 6C.gc(true)
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Erzeugen der MBs:

Systematisch oder zufallig:

LANNNN

Systematisch oder zufallig:

E———

Systematisch oder zufallig:




Kapitel 6. Slipping Jimmy - Tipps und Tricks am Perceptron

96

6.3 Ein Wort zur Initialisierung

Wie grof} ist der erwartete Netinput?

1% guess: 0...1

Wie grof} ist der erwartete Netinput?

1% guess: 0...1

Wie grof3 ist der erwartete Netinput?

1000

1% guess: 0...1
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Normieren der Gewichte:

1000

rand ()
v/ fan-in

Xavier:

1000

fan-out

V6
v/fan-in - fan-out

uniform(—1---+1)

Xavier Glorot, Yoshua Bengio:
Proceedings of the 13th International Conference
on Artificial Intelligence and Statistics (AISTATS) 2010

1000

V2
v/ fan-in

normal() -

Kaiming He Xiangyu Zhang Shaoging Ren Jian Sun
Microsoft Research, arXiv:1502.01852v1 [¢s.CV] 6 Feb 2015
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Zusammenfassung:

¢ einfach:
- uniform(0,1)
- uniform(-1,1)
- normal()
*  besser:
- skaliert mit sqrt(fan-out)
e optimiert fiir sigmoide Actfun (logistic, tanh, softsign):
- Xavier
¢ optimiert fir ReLU:

- Kaiming
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6.4 Ein Wort zur Normalisierung

Normalisierung des Inputs:

PR T

,

moglich sind:

* min-max 0-1

* min-max-1-+1
* z-score

— — a

predict () nicht vergessen!

Batchnormalisierung:

* Nicht iiber den gesamten Datensatz sondern batch-
weise

¢ Innerhalb des Netzes (als Layer) moglich

¢ pund o kénnen optimiert werden!

— sorgt fur Stabilitdt (ReLU)

— sorgt fiir Rauschen

wichtig/Vorsicht:
* pund o beim Test anwenden!

¢ batchnorm ist teuer!
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6.5 Ein Wort zu Flat Spots

So stellen wir uns die Fehlerflache vor:

So sieht sie eher aus:

Flat Spots und kleine Lernrate:




101 Vorlesung Deep Learning, A. Dominik, THM

Flat Spots und grofie Lernrate:

e e e o o

So ist es gut!

* Entkommen aus Flat Spots

*  Uberspringen von lokalen Minima

¢ Entkommen aus Flat Spots

*  Uberspringen von lokalen Minima
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Ursache der Flat Spots

¢ Gradientenproblem sigmoider Funktionen

» | logistic(x) = 1/(1 + exp(-x))

*  Gradientenproblem ReLU

relu(x) = max(0,x)

Flat-Spot-Elimination

Flat-Spot-Elimination der Act-Funs:

¢  Gradientenproblem sigmoider Funktionen

ol leaky_logistic(x) = 1/(1 + exp(-x)) + 0.01x

¢ Gradientenproblem ReLU

s

: relu(x) = max(0.01x, x)
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Manhattan-Training

Das Problem der Flat-Spots entsteht, weil die Schrittgrofie
mit der Steigung der Aktivierungsfunktion skaliert wird:

»Verbesserung": Gradient weglassen:  Awy,;; = 1) - 0p; - sign(dy;)

Funktioniert manchmal verbliffend gut!

Monentum-Term Training
Conjugate-Gradient-Training

Apwig (t+1) =n((1— @) opi - Opj + - Apw (1))

a kann sehr grof§ sein (z.B. 0.9)

Conjugate-Gradient-Training

pri]- (t + 1) =n ((1 — a) Opi * 5pj + a- prij (t))
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Stochastic Grasient Descent:

¢ Jede Minibatch hat einen anderen Gradienten!

— ~ | N </ <

Zusammenfassung

Flat-Spot-Elimination: e Lernrate
e Act-Funs leaky
* Manhattan
*  Momentum Term

¢ Minibatches
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6.6

Optimierer

Parabelflachen:

e passt!
2.0 T ! T T T
\ : 7
3 SN Global minimum at « =0 o o
\ Since {'(z) = 0, gradient P
Lok \ descent halts here, o |
N
0.5 |
0.04- 2. )
so we can decrease f by 50 we can decrease f by
~05 | moving rightward. moving leftward.
~1o0} |
_ . f@)=
-15} ;
— ['(x)
~2.0 . . . i . T
-20 -15 -10 -05 00 05 10
Minimum
Flat Spots:
e Sattelpunkte sind ein \/
Problem - je mehr
Dimensionen je mehr
Sattelpunkte
* lokale Minima Maximum

D

Saddle point
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¢ Lokale Minima:

This local minimum
performs nearly as well as
the global one,

so it is an acceptable
halting point.

Ideally, we would like
to arrive at the global
minimum, but this

might not be possible.

F(z)

This local minimum performs
poorly and should be avoided.

Steepest Descent folgt nicht dem Tal
nach unten, sondern hat Fun in der Pipe.

SGD

Momentum:
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Minibatches:

/

Schwacher Optimierer (der Schwichste tiberhaupt!)
plus
Zufall (Noise)
ergibt

Superoptimierer, der lokale Minima tiberwindet.

Mit und ohne Minibatch:

60060000060000000000)
IV UINT AN DIV
22242222223422222382
$3333333333333213333
UG UY YUY IS EH 4G4
€55555¢5555S555555¢68
06066060LEC0666LLLGIE
7777723772%72117F13177
9€885¢63E3¥57PIEBOVE
279979G2¢725249994424

——— Greedy
——— SGD(256)
——— SGD(256, momentum)

20

15

Loss

05+

00

Adaptive Optimierer
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AdaGrad

Duchi, John, Elad Hazan, and Yoram Singer. Adaptive Subgradient Methods for
Online Learning and Stochastic Optimization. Journal of Machine Learning

Research, 12 (2011): 2121-2159.

r=0;6=10"7

g = grad(predict(w,x,y))
r=r+g.”2
w.=w-nx*xg/ @+ 1)

RMSProp

Geoffey Hinton, unpublished, 2012

r=0;6=10";p<1

g = grad(predict(w,x,y))
r=pxr+(1-p)“g.”2
w.=w-nxg/J&+1

Adam

1
9="—"Vud_ Ly(0y)
p=1
T=r+gog
1
A

YET el

w(t+1) =w(t) + Aw

r=pr+(l-p)gog
1
1

Vo+r

Aw = -7 og

w(t+1) =w(t) + Aw

Diederik P. Kingma, Jimmy Ba, Adam: A Method for Stochastic Optimization,

£

3rd International C for Learning Rep

r=0m=0;t=0
B1 =09, =0.999,¢ = 1073
7 = 0.001

g = grad(predict(w,x,y))
m=f1l*m+ (1-f1) x g
r=p2xr+ QP *xg." g
mhat =m ./ (1-P1"t)

mrhat =1 ./ (1-f2"t)

w .= w — 1 * mhat / (JThat + ¢)

ions, San Diego, 2015.

Lo
9= "Vu) L0,

p=1

m=p01-m+(1-p1)g

r=p-r+(1-PBi)gog

.m
m_—(l—ﬁ{)
- - r
T8
m
Aw=—-n - ———
! (Vi+e)

w(t+1) =w(t) +Aw
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Vergleich der Optimierer:

05

00
0

Epochs
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7.1 Idee und Motivation

Die Idee ist von der Biologie abgeschaut:

Recepteive field

Photoreceptor  center Recaptive isld

Photoreceptor

D. Nébouy, Printing quality by image processing and color prediction models.
Thesis, Université de Lyon, 2015.

und war bereits im ersten kiinstlichen Perceptron umgesetzt

F. blatt, , The perceptron: a probabilistic model for inf ion storage and
organization in the brain.", Physiol. Rev., Bd. 65, Nr. 6, S. 386 ~ 408, 1958.
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7.2 Neocognitron

Idee von Kunihiko Fokushima in den 1980-er Jahren:

S-Layer (simple):

Abb. des Sehfelds (z.B. 5x5)

meist gleiche Dimension wie Eingabe
gleicher Satz von Gewichten fiir alle Neurone

C-Layer (complex):
meist Zusammenfassung eines Bereichs
im S-Layer (,sticht” durch alle Layer einer Stufe)

(Sonieht) (Sonicht_ Sohachd
sl C1
(kyer)  (lager)

ik gl o
@: %ﬁ%@rﬁ -

(stage)
\Eigde Stufe Stufe 2 Stufe 3

Schicht  Schicht Schicht Schisht
52 c2 53 c3

Input: 19x19x1 S1:19x19x 12 S2:21x21x38 S3:13x13x35
C1:21x21x8 C2:13x13x19 C3:7x7x23

Mehrere sog. Planes im S-Layer werden auf einzelne Muster trainiert

S-Layer (simple):

Abl-). des -Sehfel(-is (z.B'. 5x5)A ‘  Sehick
meist gleiche Dimension wie Eingabe
gleicher Satz von Gewichten fir alle Neuron (layer)
Hlane g
AN
Hlane

(sta
Eingah
o ) S

C-Layer sorgen fiir etwas Fuzzyness

Aktivierungsfunktion C-Layer:  Cj = max(si)

¢ Feuert, wenn mindestens eine
Vorgingerzelle feuert

5-Zellen C-Zellen S-Zellen C-Zellen
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Mehrere S-C-Doppelschichten kénnen bereits kompliziertere Strukturen erkennen, die aus den einfa-
chen trainierten Mustern mehrerer Planes zusammengesetzt sind:

K. Fokushima, Analysis of the process of visual pattern
recognition by the neocognitron. Neural Networks ,
2 (1989) 413-420

Allerdings war das Neocognitrin mit der Hardware der 1980er Jahre nicht trainierbar!

Jede S-Schicht wird mit einem vorgegebenen Muster
trainiert.

e C-Schicht weight werden vorgegeben.

*  Weight-Sharing innerhalb der Planes
Fazit:

¢ Neocognitron funktioniert erstaunlich gut.

¢ Mit 1980-er Hardware nicht machbar!
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7.3 Das LeNet

LeNet-5: Der Urvater aller CNNs

o C3:1. maps 16@10x10
INPUT Scézggzﬂém maps S4: 1. maps 16@5x5
32x32 S2:f. maps
6@14x14

| Full confecti

Gaussian
[ i c i Full i

Fij

ig. 2. i of LeNet-5, a Ci ional Neural Network, here for digits recognition. Each plane is a feature map, i.e. a set of units
whose weights are constrained to be identical.

Yann LeCun, Leon Bottou, Yoshua Bengio, Patrick Haffner, 1998. Gradient-Based
Learning Applied to Document Recognition.
Proc. IEEE 86, 2278-2324. http://yann.lecun.com/exdb/lenet/

MNIST-Datensatz zur Evaluierung der Fahigkeiten zur Mustererkennung

500000000000000200D000
A U A W ’

Modified National Institute of Standards and
Technology

https://www.kaggle.com/c/digit-recognizer/

~HeNHLEpr~
D~ —-—
Soev o~
O~ B\ W~
L s L wpP —

/1
Az
39
gy
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b6
77
§ 9
59

TN G HL P
N AN DLW
~0 %03 & V- RS
N w-H LW
D et Uy = W —
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Yann LeCun
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Skalierungsinvarianz und leichte Rotationsinvarianz

S| LeNel 5 | qeseancn
answer: 0

S| LeNel5 | eseanchl
answer: 2

iriati

S [ LoNet 5 | mesznncn

T
answer: 4

T

ae e e
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7.4  Funktionsweise eines CNN

Simulation eines Rezeptiven Feldes als Filtermatrix

Die Faltung (Convolution) wird numerisch durchgefiihrt

! j

Anwendung eines einfachen Filters (X) auf ein Muster (X):
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Nur an der Stelle mit perfektem Match gibt es ein maximales Signal!

121

0/0][0f0]0]0OJO[O]O
0[/0[0f0]0]0OJO[O]O
0[0][0f0]0O]OJO|OfO
0/0[0[0|0]OJO|O[O

ojof[1fo]2]0]|1]0|0
0[0][0[2]0]2|0[0]0
0/0[2]0]5]0]2]0|0
0]0[0f2]0]2]0[0]0
0[0[1]0]2]0|1]{0]0

Die Filtermatrix kann bei Bedarf auch 3-dimensional sein:

Und natiirlich bendtigt man viele Filter
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Aus den C-Layers des Neocognitron werden Pooling-Layer:

2 Moglichkeiten, die Zahl an Neuronen zu verkleinern:

*  Feature Map kleiner (stride)

¢ Pooling (sum, max, av)
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Convolution und Pooling

- —
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Einstellbare Parameter des Conv-Layers:

¢ Kernel (\/—j

e Stride

* Padding
* Dilution
* Bias

e Actfun. L

Generische Architektur des CNN:

‘ Input L

Conv

Pool

‘ Fully Connected ‘

‘ Output: Fully Connected ‘

Mogliche einfache Implementierung der Layer in Julia (mit den Helferlein-Funktionen von Knet):

using Knet: conv4, pool, param, param0, relu

struct Conv
w; b; £
Conv(wl, w2, nm, nf, f=relu) = new(param(w1l,w2,nm,nf), param0(1,1,nf,1), f)
end
(1::Conv)(x) = 1.f.(conv4(l.w, x) .+ 1b)
11 = Conv(s, 5, 3, 64)

struct Pool
win
Pool(win...) = new(win)
end
(1::Pool)(x) = pool(x, window=win)
12 = Pool(2,2)
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using Knet: dropout, batchnorm
struct Drop

P

Drop(p=0.0) = new(p)
end
(1::Drop)(x) = dropout(l.p)
13 = Drop(0.4)

struct BatchNorm

€

BatchNorm(e=1e-5) = new(e)
end
(1::BatchNorm)(x) = batchnorm(x, eps=l.e)
14 = BatchNorm()

# fully edged
#
struct Conv

w

b

f

P

normalize

Conv(wl, w2, nm, nf; actf=relu, drop=0.0, normalize=false) =

new(param(w1,w2,nm,nf), param0(1,1,nf,1), actf, drop, normalize);

end

function (1:Conv)(x)
x = 1£.(pool(conva(l.w, x) .+ 1.b))
x = dropout(x, p)
if L.normalize
x = batchnorm(x)
end
return x
end

15 = Conv(5, 5, 3, 64, normalize=true)

Spielwiese:
http://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html

eves COnvNet]S

@@ Deep Learning in your browser

l Intro ” Deep Learning Resources ” Getting Started ” Documentation

ConvNet]S is a Javascript library for training Deep Learning models (Neural Networks)
entirely in your browser. Open a tab and you're training. No software requirernents, no
compilers, no installations, no GPUs, no sweat.
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7.5 Datensatze zum Test der CNNs

MNIST

2 RONTHTFPPP~O
N AN SNL WO
Q- SV LWR—=O
DedN oo £ w f— G
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DRV NETwLU—
aod e Cw P ~0
N ey VR N — O
~ o] SN CPXV O

CIFAR-10

airplane
automobile
bird

cat

deer

dog

wo B
horse - .

ship
truck

ResNet: 6.5% Error

CIFAR-100

WwH N WD~
DetN = B—O
DonasnnNLw¥-O
ODd I N L WPWN~—O
SSRMN B OTR o~
D eHeANLYN~ND
ENENENON 7 SIS VEENY
X Sl GRS R TR
DY Ay c WO~
P T NLwvP —0O
S RUSNHQCOWNI— 0

SRS A6E
EF MEXER

This dataset is just like the CIFAR-10, except it has 100 classes containing 600 images each.
There are 500 training images and 100 testing images per class. The 100 classes in the
CIFAR-100 are grouped into 20 superclasses.

Superclass

aquatic mammals

fish

flowers

food containers

fruit and vegetables
household electrical devices
household furniture

insects

large carnivores

large man-made outdoor things
large natural outdoor scenes
large omnivores and herbivores
medium-sized mammals
non-insect invertebrates
people

reptiles

small mammals

trees

vehicles 1

vehicles 2

Classes

beaver, dolphin, otter, seal, whale

aquarium fish, flatfish, ray, shark, trout
orchids, poppies, roses, sunflowers, tulips
bottles, bowls, cans, cups, plates

apples, mushrooms, oranges, pears, sweet peppers
clock, computer keyboard, lamp, telephone, television
bed, chair, couch, table, wardrobe

bee, beetle, butterfly, caterpillar, cockroach
bear, leopard, lion, tiger, wolf

bridge, castle, house, road, skyscraper

cloud, forest, mountain, plain, sea

camel, cattle, chimpanzee, elephant, kangaroo
fox, porcupine, possum, raccoon, skunk

crab, lobster, snail, spider, worm

baby, boy, girl, man, woman

crocodile, dinosaur, lizard, snake, turtle
hamster, mouse, rabbit, shrew, squirrel

maple, oak, palm, pine, willow

bicycle, bus, motorcycle, pickup truck, train
lawn-mower, rocket, streetcar, tank, tractor

Yes, I know mushrooms aren't really fruit or vegetables and bears aren't really carnivores.

Modified National Institute of Standards and
Technology

https://www.kaggle.com/c/digit-recognizer/

< 1% Error
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SVHN
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7.6  Die ImageNet-Challenge ILSVRC

ImageNet Large Scale Visual Recognition Challenge

ILSVRC
ImageNet Large Scale Visual Recognition Challenge

The diversity of data in the ILSVRC image classification and
single-object localization tasks. For each of the eight
dimensions, we show example object categories along the range
of that property.

The other properties were computed by asking human subjects
to annotate each of the 1000 object categories.

Table 2 Scale of ILSVRC image classification task (minimum per class - maximum per class)

Year Train images Val images Testimages
(per class) (per class) (perclass)
i (1000 object cl
ILSVRC2010 1,261,406 (668-3047) 50,000 (50) 150,000 (150)
ILSVRC2011 1,229,413 (384-1300) 50,000 (50) 100,000 (100)
ILSVRC2012-14 1,281,167 (732-1300) 50,000 (50) 100,000 (100)
‘The numbers in per class). The 1000 classes change from year to year but are consistent

re— 1 pe 2
between image classification and single-object localization tasks in the same year. All images from the image classification task may be used for
single-object localization

Russakovsky, O., Deng, J., Su, H, Krause, J., Satheesh, S., Ma, S., Huang, Z., Karpathy, A.,
Khosla, A., Bernstein, M., Berg, A.C., Fei-Fei, L., ImageNet Large Scale Visual Recognition
Challenge. Int. J. Comput. Vis. (2015) 115, 211-252.
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Die Anfinge der Challenge

Zu Beginn waren keine Neuronalen Netze am Start!
ILSVRC 2010

Codename CLS Insitutions

Hminmax 54.4 Massachusetts Institute of Technology

1BM 70.1 IBM researchf, Georgia Tech?

ISIL 44.6 !;\l:lhm:m Systems and Informatics Lab., The University of
ITNLP 78.7 Harbir Institute of Technology

LIG 60.7 renoble

NEC 28.2 Ar University of Dlinois at Urbann-
Champaign®, Rutgers
NI 742 Notional Tntitute of Tnformatics. Tokyo,Japant, Hefel Nor.
Ji H
NTU 58.3
Regularities 75.1
UCI 46.6
XRCE 336 Xator Resarch Gantre Burops
Top-5 Error
Technologies:

1 (NEC)  SIFT/SVM
20 (XRCE)  Fisher Vector Representation/PCA/SVM

ILSVRC 2011

Cod CLS  LOC  institution:

IST 360 - ietelligent Systems and Intormatios Iab, Univerdity f Tokyo

NII 505 - National Institute o Informatics, Japan

TvA 310 42.5 University of Amsterdam!, University of Trento?

XRCE 25.8  56.5  Xerox Research Centre Burapel, CIlI?
Technologies:

1t (XRCE) High-dimensional image signatures/SVM

2nd - (UVA) class-independent object hypothesis regions
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AlexNet

Alex und Geoff

¢ Alex Krizhevsky

¢ Geoffrey Hinton

Aufbau des AlexNet

¢ Deeper

Max 8 Max
pooling pooling

e Augmentation (shift/mirror — 2048x)

¢ Dropouts

* 2GPUs
¢ Relu

¢ Batch-Normalisation

6d, 2 GPUs

Input

Conv.

Max pooling
Conv.

Max pooling
Conv.

Conv.

Conv.

Max pooling
FC

FC

Output

224x224x3 (Bilder RGB)

96 Feature Maps 11x11x3, Stride 4—55x55
5x5 (iiberlappend, Stride 2x2)—27x27
256 Feature Maps, Kernel 5x5x48

3x3 (iiberlappend, Stride 2x2)—13x13
384 Feature Maps, 3x3x256

384 Feature Maps, 3x3x192

256 Feature Maps, 3x3x192

3x3 (iiberlappend, Stride 2x2)—6x6
4096

4096

1000 (Klassen)

150528

290400
69984
186624
43264
64896
64896
43264
9216
4096
4096
1000
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ILSVRC 2012

red bar (i it happens to be in the top 5). (Right) inthe first
columns show the six training images that produce feature vectors in the last hidden layer with the
lest Euclidean distance from the feature vector for the test image.

Top-5 Error: (test):
SuperVision (AlexNet): 16,4%

ISI: (SIFT) 26,2%
OXFORD_VGG: 27,0%%
XRCE (SVM): 27,0%

Univ. Amsterdam (SIFT): 30,0%

Filter (11x11x3):
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ZFNet

s=clarifai  Products - Solutions - Developers ~  Company - Pricing Login | Signup

End-to-end platform for the entire Al lifecycle

© scribe Label 57

Label, train, and deploy your Al models in one integrated tool. Auto~ T T Fwey PR

annotate your input data with Clarifai's proven Al and more
productivity.

Spacetime Search >
Enlight Train >
Armada Predict >
Scribe LabelForce >
Ready to get started?

Contactus )

M.D. Zeiler, R. Fergus. Visualizing and Understanding Convolutional
Networks. In: Computer Vision - ECCV 2014. ECCV 2014. Lecture %
Notes in Computer Science, vol 8689. Springer, Cham. <

Visualisierung der Layer mit Deconvolution

¢ Layer1:

M.D. Zeiler, R. Fergus. Visualizing and Under: ding Convolutional
Networks. In: Computer Vision -~ ECCV 2014. ECCV 2014. Lecture
Notes in Computer Science, vol 8689. Springer, Cham.

Visualisierung der Layer mit Deconvolution

¢ Layer2:

g T
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Visualisierung der Layer mit Deconvolution

e Layer 3:

Visualisierung der Layer mit Deconvolution

¢ Layer4:

Visualisierung der Layer mit Deconvolution

e Layer5:
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H. Lee, R. Grosse, R. Ranganath, AY. Ng.
Proceedings of the 26th International
Conference on Machine Learning. Montreal,
Canada (2009).

i
\

27

Max
pooling

pooling

e 11—7
* Stride 2 statt 4
1GPU

* 10 Tage,

26

3x3 Max voon::s 363 Max Pooling 30 Maxpoaling 496 40%0
(Strideot2) (strideot2) e
Local Response Local Response
Normalization Normalization
ILSVRC 2013
Team Year | Place | Error (top-5) = Uses external data
SuperVision || 2012 | Ist 16.4% no
SuperVision | 2012 | 1st 15.3% Imagenet 22k
Clarifai 2013 | 1st 11.7% no
Clarifai 2013 | 1Ist 11.2% Imagenet 22k
* 11—7
* Stride 2 statt 4
* 10 Tage, 1 GPU
13 13
13 " FAY
Tl 2
384 384 40% 409
9% 33 MaxPooling  3x3 Max Pooling (’;’"'::;:;T"'“'

(Stride of 2)

Local Response.
Normalization

(stride of2)

Local Response.
Normalization



135

Vorlesung Deep Learning, A. Dominik, THM

Inception, GoogLeNet

F

»-*WEHEE;Ii T060

PR 4

Numerische Berechnung des Gradienten

Vanishing Gradient

n=3: 0.125

n=>5: 0.03125
n=10: 0.000976562
n =30: 9.31e-10

n = 60: 8.67e-19
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Exploding Gradient

ILSVRC 2014

gtot ~ 15n

n
n
n=
n
n

o non
D W =W
SSo T

3.375
7.59375
57.665
191751.1
3.68e10

Team Year | Place | Error (top-5) | Uses external data
SuperVision || 2012 | 1st 16.4% no

SuperVision || 2012 | Ist 15.3% Imagenet 22k
Clarifai 2013 | Ist 11.7% no

Clarifai 2013 | Ist 11.2% Imagenet 22k
MSRA 2014 | 3rd 7.35% no

VGG 2014 | 2nd 7.32% no

GoogLeNet | 2014 | 1st 6.67% no
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Einfaches Inception-Modul

Filter
concatenation

I

3 i ‘

Previous layer

x1 i ‘ 5x5 ‘ 3x3 max pooling

C. Szegedy, W. Liu, Y. Jia, P. Sermanet, S. Reed, D. Anguelov, D. Erhan, V.
Vanhoucke und A. Rabinovich. Going Deeper with Convolutions. CoRR
abs/1409.4842 (2014); https://arxiv.org/abs/1409.4842.

Inception-Modul mit Dimensionsreduktion

Filter
concatenation

—
¥ [} ¥
1x1 convolutions 1x1 convolutions 3x3 max pooling
L | ..
Previous layer
Der Trick mit 1x1-Convolution
28 x 28 x 256 28 x 28 x 32
1 =
R —
Conv:
(5x5), 32,
padding

32 Filter mit: 5x5x256 weights
28x28 x 32 x 5x5x256 = 160 563 200 fpo

28 x 28 x 256 28 x 28 x 16 28 x 28 x 32
T
e ! D ——
Conv: Conv:
(Ix1), 16 (5x5), 32,

padding
16 Filter mit: 1x1x256 weights
28x28 x 16 x 1x1x256 = 3 211 264 fpo

32 Filter mit: 5x5x16 weights
28x28 x 32 x 5x5x16 = 10 035 200 fpo
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Inception-Architektur
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VGG Net

Architektur

¢ Kkleiner Filter (3x3) Cocculil)
conv12
* weniger Pooling ot
ConvNet Configurali o
A _[ARN] B | C [ D | E
TTweight | 11 weight | 13 weight | 16 weight lﬁwcxghll T9 weight conv2.2
layers layers layers layers layers layers —=ra
nput (224 TRGB image)
Com3-64 | comv364 | comv3-64 | com3-64 | comv3-6d | com3-6h o
LRN | com3-64 | comv3-64 | com3-64 | conv3-64 =
conv32
omv3-128 | conv3-138 | & 3 com3-128
conv33
pool 3
conv3-256 | conv3-256 | conv3-256 [ conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | comv3-256 | comv3-256 | conv3-256 | conv3-256 oAl
conv1-256 | conv3-256 | conv3-256
conv3-256 conva 2
Taxpool 7
Conv3-3T2 | comv3-312 | com3-312 | conv3-312 | conv3-312 | conv3-312 com4d
comv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 ool 4
conv1-512 | conv3-512 | conv3-512
conv3-512 =y
Taxpool
ComV3-ST2 | conv3-512 | Conv3S12 | cov3-312 | comv3-312 | conv3512 conv5.2
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convi-512 | conv3-512 | conv3-512 oS A
conv3-512 pool 5
Thaxpool
FC-4096 o6
~30%
1000 te7
Soft-max ==

ILSVRC 2014

*  Visual Geometry Group, Oxford

Table 5: ConvNet evaluation techniques comparison. In all experiments the training scale S v
sampled from [256; 512], and three test scales @ were idered: {256, 384, 512}.

ConvNet config.(1able 1) Tuation method | top-1 val. error (%) | top-3 val. error (%)
dense 248 73
D ‘multi-crop 24.6 7.5
| multi-crop & dense PEK) T2
dense 24.8 75
E [ multicrop 746 7
‘multi-crop & dense 244 7.1

K. Simonyan, A. Zisserman.
Very Deep Convolutional Networks for Large-Scale
Image Recognition, ICLR 2015
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ResNet

Residual Training

vae19

Ll LR

il

PIrTR
il

ILSVRC 2015

Residual Training:

weight layer

identity

method top-5 err. (test)
VGG [41] (ILSVRC’14) 732
GoogLeNet [44] (ILSVRC’14) 6.66
VGG [41] (v5) 6.8
PReLU-net [13] 4.94
BN-inception [16] 4.82
ResNet (ILSVRC’15) 3.57

Table 5. Error rates (%) of ensembles. The top-5 error is on the
test set of ImageNet and reported by the test server.

K. He, X. Zhang, S. Ren und J. Sun. Deep Residual Learning for Image

Recognition. CoRR abs/1512.03385 (2015).

ResNet Training

~—~ResNet-18
—ResNet-34 34-layer
200 10 20 30 40 50

iter. (le4)

Training on ImageNet. Thin curves denote training error, and bold curves
denote validation error of the center crops. ResNets of 18 and 34 layers.
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ILSVRC und Kaggle
Seit 2018 bei Kaggle:

kaggle

® Home

Q@ Compete |
@ Data

<> Notebooks

& communities

& Courses

v More

mpetition

ImageNet Object Localization Challenge

Identify the objects in images

Overview Data Notebooks Discussion Leaderboard ~Rules Join Competition
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7.7 Modell Zoo

1

TensorFlow Model Garden  https:/github.com/tensorflow/models

L]

Model Zoo

bde and

https://modelzoo.co/

O PyTorch MODEL ZOO https://pytorch.org/serve/model_zoo.html

Open Neural Network Exchange

The andard for machine learning interoperability

https://onnx.ai/

Keras Sandbox

from tensor ow.keras.applications.vggl6é import VGG16
base_model = VGG16(input_shape=(224, 224, 3),
include_top=F: weights='imagenet')

from tensor ow.keras.applications.inception_v3 import InceptionV3
base_model = InceptionV3(input_shape = (150, 150, 3),
include_top = False, weights = 'imagenet')

from tensor ow keras.applications import ResNet50
base_model = ResNet50(input_shape=(224, 224,3),
include_top=False, weights

'imagenet')

for layer in base_model layers:
layer.trainable = False

ONNX

using KnetOnnx

# provide the ONNX le's path
# https://github.com/onnx/models
#

model = KnetModel("vggl6.onnx");

x = ones(224, 224, 3, 10)  # dummy input for prediction

model(x) # call KnetModel object with the model input,
# the output is a 1000X10 Array{Float32,2}

ONNX Model Zoo

Open Neural Network Exchange (ONNX) is an open standard format for representing machine learning models
ONNX is supported by a community of partners who have implemented it in many frameworks and tools.

The ONNX Model Zoo is a collection of pre-trained, state-of-the-art models in the ONNX format contributed by
community members like you. Accompanying each model are Jupyter notebooks for model training and running
inference with the trained model. The notebooks are written in Python and include finks o the training ataset as well
as references to the original paper that describes the model architecture.

We have standardized on Git LFS (Large File Storage) to store ONNX model fles. To download an ONNX model,
navigate to the appropriate Github page and click the Down1oad button on the top right.
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3.1

Regression mit neuronalen Netzen

Viele Zeitreihen haben skalare Grofien

I | B | 15 { A5 |50 ) s iy N .:
s THql | A [ Aol B Pt AP
i : G | R T
s e cig U e eonpee o BRCERTBREY oL FOERanE INERE
b ; AR R R e R
o nse N I BEEBESENR:
K L N o e o
/: ‘i}% x,,_“',_,_ B i
Wi PR e e et e
o =l
| Pl FER N
e T | |ESY,
<§§_ A —tait E; -

Ein Outputneuron gentigt deshalb:

¢ Outputneurone:

¢ Hidden:

Lineare Skalierung kann als min/max- oder z-Score-Skalierung durchgefiihrt werden)

Klimadaten:

5
5
5
.5
5
5
5

D e I N N

.2010
.2010
.2010
.2010
.2010
.2010
.2010

N W o s g W

215-151=6.4
(21.5+15.1) /2 =183 Nullpunkt

Skalierungsfaktor (*2)

Umrechnung Eingabe:
Input = (X-18.3)/3.2
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8.2  Zeitreihen fur Arme

.. sind mit einem MLP méglich:

mitiere Jahrestemperatur
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8.3 Kurzzeitgedachtnis mit Kontextneuronen

Jordan-Netz

Kontextneurone

Feste Riickkopplung
A=0..1
(0,5 meist ganz gut)

Feste Verbindungen (Actf = Id)
y=1

Elman-Netz

Kontextneurone

Feste Riickkopplung
A=0.1
(0,5 meist ganz gut)

Vorteile:

Unterschiedliche A pro
Schicht.

Je nach ,,Sinn“ werden die
Kontextzellen mehr oder
weniger genutzt!
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8.4 Backpropagation through time (BPTT)

Die Idee von Marvin Minsky

Idealisiertes rekurrentes Netz W,
Training:
*  Zeitreihe wird Schritt-fir- Neuron 1
Schritt angelegt (t=1, ..., n)
und propagiert
*  Dann mit Teaching Input w w.
. 12 21
verglichen
*  Backprop muss durch alle
Schritte (= Zeit) riickwarts Neuron 2
gehen.
Wa2

M. Minsky, S. Papert: Perceptrons, MIT Press,
Cambridge, MA, 1-20, und 73, 1969.

J.A. Anderson, E. feld (Eds.): Neur puting:
Foundations of Research, Kap. 13, 161-170, MIT Press,
1988

unrolling des Netzes

t=1 t=2 t=3 t=4 t=5 Zeit

11
Neuron 1
0,(1), 0,(4), 0,(3), ...
Wi Wa
. Neuron 2
0,(1),0,(4), 0,(3), ...
Wi

unrolling in den Bildchen von Chris Olah
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8.5 Embedding von Zeichen und Symbolen

Wie konnen Buchstaben kodiert werden?

‘ Input
A b Char
65 98 ASCII
00000010000000000000 One-Hot
00000000000001000000
One-Hot?
> 0
e
‘ One-Hot (6) ‘ 9
0

) N 1.51 -0.75 1.72 0.72 1.26 1.11
Dense ) -1.27 -1.19 -0.92 0.07 0.22 1.24

0.39 -0.40 -0.98 0.45 -0.93 0.76

Embed (3) a2

0.22
-0.93

€E=W*xT

Multiplikation ist nicht notwendig!

eE=wW*xT

1 2 3 4 5 6

1.51 -0.75 1.72 0.72 |1.26 |1.11
-1.27 -1.19 -0.92 0.07 | 0.22 |1.24 %
0.39 -0.40 -0.98 0.45 }0.93 |0.76

oroooe

1.51*0 + -0.75*0@ + 1.72*@ + 0.72*0 +| 1.26*1|+ 1.11*0 = | 1.26
-1.27%0 + -1.19%0 + -0.92*0 + 0.07*0 +| 0.22*1|+ 1.24*0 =]0.22

0.39%0 + -0.40%*0 + -0.98*0 + 0.45*0Q +|-0.93*1|+ 0.76%0 = |-0.93

Vorschlag:

y = w[:,5]
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Implementierung des Embedding:

1sing Knet: param, param0

struct Embed

w

actf

Embed(i, e, actf=identity) = new(param(e,i), actf)
end

(1::Embed)(x) = lLactf.(L.wl[:, x])

... nur noch achtgeben, wie x so immer aussieht!
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8.6

Datensatz

¢ Daten:

Arabic:

Abbing
Abel

Abeln

Abt
Achilles
Achterberg
Acker
Ackermann
Adam
Adenauer
Adler
Adlersfligel
Aeschelman
Albert
Albrecht
Aleshire
Aleshite
Althaus
Amsel
Andres

Das RNN soll die Buchstaben nacheinander verarbeiten:

German:

Abbing
Abel

Abeln

Abt

Achilles
Achterberg
Acker
Ackermann
Adam
Adenauer
Adler
Adlersfligel
Aeschelman
Albert
Albrecht
Aleshire
Aleshite
Althaus
Amsel

Andres

Italian:

Abandonato
Abatangelo
Abatantuono
Abate
Abategiovanni
Abatescianni
Abba
Abbadelli
Abbascia
Abbatangelo
Abbatantuono
Abbate
Abbatelli
Abbaticchio
Abbiati
Abbracciabene
Abbracciabeni
Abelli

Abell6

Abrami

Abandonato

“Italian”

Abandonato

\

2

“Italian”

Beispiel: Erkennen der Sprache mit einem RNN
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Abandonato
3
RNN

-

“Italian”

Abandonato

“Italian”

Abandonato

RNN

l

“Italian”
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Das einfache Netz als MLP

Embedding

P

Besser als RNN: Ein Durchlauf pro Buchstabe

Abat. [e

Embedding

[ Embed (1..32) } [ Memory }

— —

[ [Embed, Memory] J

Dense-2-o0

Erst am Ende wird der Output erzeugt:
Abate

@bedd;b
S T e
{ Embed (1..32) J { Memory J

{ [Embed, Memory] J

f'/
ot
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Unrolling und BPTT wir im normalen MLP

Embed (1.32) | [Embed (1.32) |
) Memory

[Embed (1.32)|  [Embed (1.32)|

(
[ Memory ] Memory J Memory

Im Video wird gezeigt, wie sich das sehr geradlinig umsetzen lasst.
Training mit Adam (rot) und SGD [lr=0.005, momentum=0,95], blau)

Minibatch loss (epoch = 18067 steps)

Minibatch loss (epoch = 18067 steps)

1]
|
I«

Das Training ist nach 100000 Steps noch nicht beendet:

Evaluation Accuracy
train valid
tag-Evaluaton Accuracy/tran tag-Evaluaton Accuracy/valid
08
08
o6
os
- 04
b3 02
o o ]
0 10K 20K 0K 40K 50k 60K 70k 80K 0 10k 20K 20K 40K SOK 60K 70K 80K
c=me moenos ~ 13 S ED & i o v
Evaluation Loss
train valid
tag: Evaluation Loss/train tag: Evaluation Loss/valid
sl |
| |
| 1|
13— |
| 12 !
| |
{ |
oo || T
| |
o7 | 08 ‘
0 10k 20K 30K 40k 50K 60K 70K 80K 0 10k 20K 30K 40k 50K 60K 70K 80K
nE@ osmes + 13 2 &
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8.7 Long Short-Term Memory, LSTM

LSTM, 1997

Die Losung: Long Short-Term Memory Units (LSTMs)
Sepp Hochreiter and Juergen Schmidhuber

(You Again Shmidhoobubh, if you can say
Schwarzenegger & Schumacher & Schiffer, then you
can also say Schmidhuber)

¢ Kann sich Aktivierung sehr lange merken
e Kann Aktivierung sehr schnell vergessen

¢ Addiert Veranderungen (statt Multiplikation)

Recurrent Unit
9

Cmsin)  Corietiog) Cimbting) Cimbestng ) Coneting)
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LSTM: Schritt fiir Schritt

LSTM: Schritt fiir Schritt

(Coumt )
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Input Gate

P

Forget Gate

Forget Gate

fe=0Wy-[hy, 2] + by)

Cy = tanh(We- [, 2] + be)

Forget Gate
t

Ci=fi*xCio1+irxC,

tanh ‘
op =0 (Wo [he1,2] + b,)
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fe=0Wy-[hr,] + by)

i =0 (Wi-[hemr, @] + b;)
Cy = tanh(Wo-lhe—1,2) + bo)
Co=fixCiy+irxCy

0y =0 (Wo [he1,24] + bo)
hi = o * tanh (Cy)

£lt] = sigm(W¥ * x[t] .+ Rf  hlt-1] .+ bWf .+ bRf)
ilt] = sigm(Wi * x[t] .+ Ri * h[t-1] .4 bWi .+ bRi)
Clt] = tanh(Wn * x[t] .+ Rn * h[t-1] .+ bWn .+ bRn)
Clt] = flt] .* clt-1] A+ ilt] * Clt)

olt] = sigm(Wo * x[t] .+ Ro * hlt-1] .+ bWo .+ bRo)

hlt] = olt] .* tanh(CI[t])

Vorteile:
. e
* unreasonable effective e

Nachteile:

* viele Gewichte!

o tief

* viele kleine Tensoren ...

« ... die nacheinander berechnet werden miissen

¢ Minibatches?

Varianten des LSTM

Erhohung deds Forget-Bias

Forget Gate

Output Gate

+1 bis +5 \
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Peepholes

Input Gate

Forget Gate

Output Gate

Update

Output Gate

GRU: Gated Recurrent Unit

Reset Gate

Update|Gate

Cho, K.,
Van Merriénboer, B.,
Gulcehre, C., Bahdanau,

D. Bougares, E., Schwenl
H,, Bengio, Y., 2014.

Learning phrase representations using RNN
encoder-decoder for statistical machine

translation. arXiv preprint arXiv:1406.1078. m
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r=0(Wy - [h_r. 2] + by)

up = o(Wy - [he—1, 2] + by)
hy = tanh(W), - [ry % hy—y, 4] + by)

he = (1 —w) % ho1 +ug % hy

ult] = sigm(Wu * x[t] .+ Ru * hlt-1] .+ bWu .+ bRu)
rlt] = sigm(Wr * x[t] .+ Rr # hlt-1] .+ bWr .+ bRr)
flt] = tanh(Wh * x[t] .+ [t] * (Rh * h[t-1] .+ bRh) .+ bWh)

hit] = (1 - ult]) * &lt] .4 ult] * hlt-1]

Ubersicht der Units:

Abb.: Chris Olah’s blog:
http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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8.8  Architekturen fiir RNNs

Minibatches in RNNs

¢ konnen nur pro Zeitschritt verwendet werden!

* gleich lang oder padding/truncate

[Embed (1.32) |

[Embed (1. 32)] [ Embed (1. az)] [ Embed (1 sz)]

| Memory | Memory Memory o Memory |

RNNSs im Framework

Dense-2-0

*  bieten Typen fiir LSTM, GRU oder andere recurrent Units.

*  bendtigen Inputtensoren: z.B. Knet .RNN:

Fan-inl

A zeitschitte

Batch size

8

Units l

ﬂ Zeitschritte

Batch size
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Sequence Tagger:

¢ Der Output aus jedem Zeitschritt wird benétigt!

struct RTagger
n_inputs
n_units
unit_type
nn
RNNTagLayer(n_inputs::Int, n_units:Int; u_type=:lstm) =
new(n_inputs, n_units, u_type,
Knet. RNN(n_inputs, n_units, rnnType=u_type))

function (rnn::Rtagger)(x)
n_time_steps = size(x)[2]
x = reshape(x, rnn.n_inputs, n_time_steps, :)

x = permutedims(x, (1,3,2)) # [inputs, samples, time-steps
x = rnn.ran(x)
return permutedims(x, (1,3,2)) # [units, time-steps, samples,

end
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Sequence Classifier:

*  Nur der letzte Output wird benotigt!

struct RSeqClassfr
n_inputs
n_units
unit_type
Tnn
RNNClassiLayer(n_inputs:Int, n_units::Int; u_type=:lstm) =
new(n_inputs, n_units, u_type,
Knet RNN(n_inputs, n_units, rnnType=u__type))

function (rnn::RSeqClassfr)(x)
n_time_steps = size(x)[2]
x = reshape(x, rnn.n_inputs, n_time_ steps, :)
x = permutedims(x, (1,3,2)) # [inputs, tim
x = rnn.ron(x)
return x[:,:,end] # [un
end

mples]
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Attention:
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Bidirectional RNN:
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8.9 Zusammenfassung

Es funktioniert

Andrej Karpathy blog About  Hackers guide o Neural Networks

Lhe Unreasonable Effectiveness of Recurrent Neural
etw

There's something magical about Recurrent Neural Networks (RNN). | still remember when | trained my first
recurrent network for Image Captioning. Within a few dozen minutes of training my first baby model (with rather
anbitrarily-chosen hyperparameters) started to generate very nice looking descriptions of images that were on the
edge of making sense. Sometimes the ratio of how simple your model is to the quality of the results you get out of
it blows past your expectations, and this was one of those times. What made this result so shocking at the time.
was that the common wisdom was that RNNs were supposed to be difficultto train (with more experience 've in
fact reached the opposite conclusion). Fast forward about a year: 'm training RNN all the time and I've
witnessed their power and robustness many times, and yet their magical outputs still find ways of amusing me.
This postis about sharing some of that magic with you.

Wel train RNINs to generate text character by character and ponder the question *how is that even possible?"

By the way, together with this post | am also releasing code on Github that allows you to train characterevel
language models based on multi-layer LSTMs. You give it a large chunk of text and it will learn to generate text
like it one character at a time. You can also use itto reproduce my experiments below. But we're getting ahead of
ourselves; What are RNNs anyway?

Karpathys CharNN

Character based RNN language model

(c) Deniz Yuret, 2019. Based on hitp:/karpathy.github J0/2015/05/21

© Objectives: Leam to nd e text from It Minibatch blocks of text. Keep a persistent RNN state between
updates. Traln a Shakespeare generator and a Julia programmer using the same type of model.

* Prerequisites: ANN terators

® New functions: converge

struct Embed; w; end

Embed (vocab: : Int, embed: : Int)=Embed (param(embed, vocab) )

(e::Embed) (x) = e.w[:,x] # (B,T)->(X,B,T)->rnn->(H,B,T)

struct Linear; w; b; end

Linear(input::Int, output::Int)=Linear(param(output,input), paramé(output))

(L::Linear)(x) = L.w * mat(x,dims=1) .+ L.b # (H,B,T)->(H,B*T)->(V,B+T)

# Let's define a chain of layers

struct Chain
layers.
chain(layers. .

new(layers)

Chain) (x) = (for 1 in c.layers; x = L(x); end; x)
hain) (x,y) = nll(c(x),y)
hain) (d::Data) = mean(c(x,y) for (x,y) in d)

# The h=0,c=0 options to RNN enable a persistent state between iterations
CharLM(vocab: :Int embed: : Int,hidden: :Int; o...) =
Chain(Enbed (vocab,embed) , RNN(embed,hidden;h=0,c=0,0...), Linear (hidden,vocab))

CharlM (generic function with 1 method)

http://karpathy.github.io/2015/05/21/rnn-effectiveness/

It looks like we can learn to spell English words. But
how about if there is more structure and style in the
data?

To examine this I downloaded all the works of
Shakespeare and concatenated them into a single
(4.4MB) file.

We can now afford to train a larger network, in this
case lets try a 3-layer RNN with 512 hidden nodes on
each layer.

After we train the network for a few hours we obtain
samples such as:
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http://karpathy.github.io/2015/05/21/rnn-effectiveness/

PANDARUS:

Alas, I think he shall be come approached and the day
When little srain would be attain'd into being never fed,
And who is but a chain and subjects of his death,

I should not sleep.

Second Senator:

They are away this miseries, produced upon my soul,
Breaking and strongly should be buried, when I perish
The earth and thoughts of many states.

DUKE VINCENTIO:
‘Well, your wit is in the care of side and that.

Second Lord:

They would be ruled after this chamber, and

my fair nues begun out of the fact, to be conveyed,
Whose noble souls I'll have the heart of the wars.

Clown:
Come, sir, I will make did behold your worship.

VIOLA:
I'll drink it.

http://karpathy.github.io/2015/05/21/rnn-effectiveness/

The results above suggest that the model is actually quite
good at learning complex syntactic structures. Impressed by
these results, my labmate (Justin Johnson) and I decided to
push even further into structured territories and got a hold
of this book on algebraic stacks/geometry.

We downloaded the raw Latex source file (a 16MB file) and
trained a multilayer LSTM. Amazingly, the resulting
sampled Latex almost compiles. We had to step in and fix a
few issues manually but then you get plausible looking
math, it’s quite astonishing:

http://karpathy.github.io/2015/05/21/rnn-effectiveness/

Lemma 0.1. Assume (3) and (3) by the construction in the description.

Suppose X = lim|X| (by the formal open covering X and a single map Proj (A) =
Spec(B) over U compatible with the complex
Set(A) =T(X.Ox.0y)-
When in this case of to show that Q — Czyx is stable under the following result
in the second conditions of (1), and (3). This finishes the proof. By Definition 77
(without element is when the closed subschemes are catenary. If T is surjective we
may assume that T is connected with residue fields of S. Moreover there ezists a
closed subspace Z C X of X where U in X' is proper (some defining as a closed
subset of the uniqueness it suffices to check the fact that the following theorem
(1) £ is locally of finite type. Since S = Spec(R) and Y = Spec(R).

Proof. This is form all sheaves of sheav
surjective étale morphism U — X. Let UN
S at the schemes X; — X and U = lim;

on X. But given a scheme U and a
Ui be the scheme X over

The following lemma surjective restrocomposes of this implies that Fy, = F,, =
Ko

Lemma 0.2. Let X be a locally Noctherian scheme over S, E = Fy

Ji CT,,. Since I* C I* are nonzero over ig < p is a subset of J,

Set T
o Ay works.

Lemma 0.3. In Situation ??. Hence we may assume q' = 0.

Proof. We will use the property we see that p is the mext functor (??). On the
other hand, by Lemma ?? we see that
D(Ox:) = Ox(D)

where K is an F-algebra where 4,1, is a scheme over S. o
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http://karpathy.github.io/2015/05/21/rnn-effectiveness/

I wanted to push structured data to its limit,
so for the final challenge I decided to use
code.

In particular, I took all the source and header
files found in the Linux repo on Github,
concatenated all of them in a single giant file
(474 MB of C code) (I was originally going to
train only on the kernel but that by itself is
only ~16MB).

Then I trained several as-large-as-fits-on-my-
GPU 3-layer LSTMs over a period of a few
days. These models have about 10 million
parameters, which is still on the lower end
for RNN models. The results are superfun:

http://karpathy.github.io/2015/05/21/rnn-effectiveness/

static int indicate_policy(void)

int error;
if (fd = MARN_EPT) {

if (ss->segnent < men_total)
unblock_graph_and_set_blocked() ;
else
ret = 1;
goto bail;
}
segaddr = in_SB(in.addr);
selector = seg / 16;
setup_works = true;
for (i = 0; i < blocks; i+) {
seq = buf[is+];
bpf = bd->bd..next + i * search;
if (fd) {
current = blocked;

}

rw->name = "Getjbbregs”;

bprm_self_clearl(&iv->version);

regs->new = blocks( (BPF_STATS << info->historidac)] | PFMR_CLOBATHINC SECONDS << 12;
return segtable;

Fazit

¢ Unreasonable effective
¢ Unbelievable slow

¢ Hop or top!
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Kapitel 9:

Kohonenkarten
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Bildet einen Eingaberaum auf eine Fliche ab.
Lernt selbst, was wohin soll.

Nicht-linear!

THM Technische Hochschule Mittelhessen - DDM - A. Dominik - 94

Aliases:
* Selbstorganisierende Karte
¢ self-organising map
* SOM
* Kohonen map

* Kohonen feature map
Von Teuvo Kohonen entwickelt (1982/84)
* Einschichtige neuronale Netze

* Neurone haben einen n-dimensionalen Gewichtsvektor

* Neurone sind iiber eine Abstandsfunktion verkniipft.

# | THM Technische Hochschule Mittelhessen ~ DDM - A. Dominik - 97

Somatosensorischer Hommunkulus

* Somato-sensorischer Kortex:

* Bildet unseren gesamten Korper auf eine Fliche ab

* Lernt selbst, was wohin soll

* Kein Teaching Input notig

| THM Technische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 95
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* Somato-sensorischer Kortex:

* Bildet unseren gesamten Kérper auf eine Fliche ab

* Lernt selbst, was wohin soll

*  Kein Teaching Input nétig

£ | THM fechnische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 9
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9.1 Training der SOM

Algorithmus - Schritt fiir Schritt

N-dimensionaler Gewichtsvektor
,Codebook-Vektor*

Eine Schicht Neurone

£ | THM  Technische Hochschule Mittelhessen ~ DDM - A. Dominik - 98

* Neurone werden nur durch ihre
Codebookvektoren beschreiben

* Nicht durch ihren Aktivierungszustand

*  Nicht durch ihre Verbindungen

THM Technische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 99

Neurone werden nur durch ihre
Codebookvektoren beschreiben

Nicht durch ihren Aktivierungszustand

Nicht durch ihre Verbindungen

| THM technische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 100
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* Alle Codebookvektoren der Karte werden zufallig
initialisiert

* Ersten Trainingsvektor wird mit den Vektoren der
Karte vergleichen; wer passt am besten?

* Diesen Codebookvektor an den Trainingsvektor
anpassen:
“den Ahnlichsten noch dhnlicher machen”

£ | THM Tfechnische Hochschule Mittelhessen - DDM - A. Dominik - 101

9 Neurone
9 Codebookvektoren

£ THM fechnische Hochschule Mittelhessen - DDM - A. Dominik - 102

Trainingsmuster

£ | THM  Technische Hochschule Mittelhessen - DDM ~ A. Dominik - 103
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Trainingsmuster

I THM Technische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 104

anpassen!

Trainingsmuster

I THM Technische Hochschule Mittelhessen ~ DDM = A. Dominik - 105

Umgebung

* Alle Codebookvektoren der Karte werden
zufillig initialisiert

*  Ersten Trainingsvektor wird mit den Vektoren
der Karte vergleichen; wer passt am besten?
"The winner takes it all”

* Diesen Codebookvektor an den

Trainingsvektor anpassen:
“den Ahnlichsten noch dhnlicher machen”

¢ Auch die Umgebung an den Trainingsverktor
anpassen.

5| THM  Technische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 106
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Trainingsmuster

£ | THM fechnische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 107

£ THM fechnische Hochschule Mittelhessen - DDM - A. Dominik - 108

anpassen!

| THM technische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 109
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£ | THM Technische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 110

Algorithmus

anpassen!

* Alle Codebookvektoren der Karte werden zufillig
initialisiert

*  Ersten Trainingsvektor wird mit den Vektoren der
Karte vergleichen; wer passt am besten?

“The winner takes it all”

* Diesen Codebookvektor an den Trainingsvektor
anpassen:
“den Ahnlichsten noch dhnlicher machen”

* Auch die Umgebung an den Trainingsverktor
anpassen

* Fiir alle Trainingsmuster wiederholen.

| THM Technische Hochschule Mittelhessen - DDM - A. Dominik - 111

Abstandsfunktion

Auf rechteckigem Grid:

* von Neumann (4)

¢ Moore (8)
Generell:
* bubble

¢ triagular

* gaussian

* mexican Heat

i | THM Technische Hochschule Mittelhessen ~ DDM - A. Dominik - 112
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Bubble

1 wenn r < d

0 sonst

# | THM Technische Hochschule Mittelhessen ~ DDM — A. Dominik - 113

Gaussfunktion

ol N

| THM Technische Hochschule Mittelhessen - DDM  A. Dominik - 114

Mexican Hat Funktion

| THM Technische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 115
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Beispiel

| THM Technische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 116

Unterschied SOM - PCA

MDS/PCA

* Versuch Punkte aus dem hochdimensionalen Raum in einen
niedrig-dimensionalen Raum abzubilden!

SOM

*  (nur) topologisch moglichst korrekt!

<

KX &

v

I THM Technische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 117

Plastiziat der SOM

Training mit den Koordinaten eines Quadrats:

1,0 0,0 900000
1,0 0,1
1,0 0,2
1,0 03
1,0 04

THM Technische Hochschule Mittelhessen - DDM ~ A. Dominik - 118
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g??ii
HEeel

£ | THM fechnische Hochschule Mittelhessen ~ DDM - A. Dominik - 119

Quadratische Karte mit Dreieck als Eingaberaum _ﬁ?_ﬁ? __‘ﬁ p|
alarie e

£ THM fechnische Hochschule Mittelhessen - DDM - A. Dominik - 120

Auf der Seite https://demogng.de/ von Bernd Fritzke lasst sich das sehr schon visualisieren!

Die SOM passt sich den Daten an. Sie richtet sich entlang des grofiten Abstands aus, aber Defekte
konnen auftreten:

Die SOM kann

« Knoten haben

« gespiegelt sein

. gedreht sein.


https://demogng.de/
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Karte mit topologischem Defekt

#| THM Technische Hochschule Mittelhessen - DDM ~ A. Dominik - 123

Rechtwinklig oder hexagonal:

2-dimensionale Kohonenkarten werden meist entweder im
quadratischen oder im hexagonalen Gitter erstellt.

Quadratisch:

* Einfacher zu implementieren

Hexagonal:

« Idealere Abstandsfunktion (regelmaBige ,Sphiren” von
Neuronen)

* Manchmal einfacher zu interpretieren

*  Sieht schoner aus

* Sehr spitze Ecken.

| THM Technische Hochschule Mittelhessen - DDM - A. Dominik - 124
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9.2 Beispiele

Projektion des Globus

| THM Technische Hochschule Mittelhessen ~ DDM - A. Dominik - 12:

5

Die Erdkugel soll mit einer SOM auf eine flache Karte abgebildet werden!

Fle Edt View Insert Format Styles Sheet Data Tools Window Help

B-B-¢-D88 A@HB- L - A BB

uberationsans |~ (100t © B T U A-6-

w‘mum‘v\bwk&»
BEEEEEEEEEN

883885885

I THM Technische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 126

tAZ REBFE Q-900 BEA-8 7

O-0-4-

Z | AA| AB| AC| AD| AE | AF | AG| AH | A1

A | AK

468 Datenpunkte mit Gradangaben:
Ost/West Nord/Siid Land/Wasser
0bis 180 0bis 90 1oder w

0 bis -180 0 bis -90

Unsortiert!

468 Datenpunkte mit Kilometerangaben:

Ost/West Nord/Sid Land/Wasser
0 bis 20000 0 bis 10000 loder w
0 bis -20000 0 bis -10000

Unsortiert!

| THM Technische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 127

| & |lopen v save |

| |wdat |[]kmwdat %

7 2315 8880 v
82894 8889 w

9 -3473 8389 W
10 -2894 8889 w
11 -2315 8889 w
12 -1736 8889 1
13 -1158 8889 1
14 -579 8889 1

150 7778 v

16 760 7778 1

17 1520 7778 v
18 2280 7778 1
19 3040 7778 1
20 3800 7778 1
21 4560 7778 1
225320 7778 1
23 6080 7778 1
4 6840 7778 1
25 -6080 7778 w
26 -5320 7778 1
27 -4560 7778 1
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0.0 2.5 5.0 7.5 10.0 125 15.0 17.5

£ | THM Technische Hochschule Mittelhessen ~ DDM - A. Dominik - 128

... mit Daten fiir Europa

S B R ‘
iigen, PR Rt
s S

Tl ]

= N Turasien
R T
2T 9 YR S B .:."i

T et Loy e

£ | THM fechnische Hochschule Mittelhessen ~ DDM - A. Dominik - 129

468 Datenpunkte fiir die Welt mit Gradangaben:

[4
Fle Edit Vi X

Lo aopen v Dlsave | |

[Iwedat %

Ost/West Nord/Siid Land/Wasser

0bis 180 0bis 90 loder w

0bis -180 0 bis -90
265 Datenpunkte fiir Europa mit Gradangaben:
Ost/West Nord Land/Wasser

-10 bis 32,5 30 bis 65 1oder w

Unsortiert!

]

£ THM Technische Hochschule Mittelhessen ~ DDM - A. Dominik - 130
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Beispiel: Diagnose Adenokarzinom der Postata

THM fechnische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 131

I

ol

|

| THM Technische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 133

a) Gleason 3 samples:

D, D,
Minimum  1.379 1411
Median 1.510 1.536
Maximum 1.598 1.673

b) Gleason 4 samples:

Dy Dy
Minimum  1.594  1.590
Median 1.639  1.659
Maximum 1.715 1.771

c) Gleason 5 samples:

D, D,
Minimum 1712 1.699
Median 1773 1.757
Maximum 1.857 1.836

£ | THM Technische Hochschule Mittelhessen - DDM - A. Dominik - 134

1.282
1.605
1.745

1.595
1.667
1.834

1.744
1.853
1.901

Dy
1.300
1.495
1.593

Dy
1.546
1.660
1.743

1.687
1.789
1.925
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8| THM Technische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 136

Torus-férmige Karten sind endlos!

Przemysla , Dominik, A., lehner, F.,
Gattenloehner. S., Weidner, W., 2014. Complexity measures and
classifiers in objective prostate cancer grading.

29th Annual Congress of the European Association of Urology
Abstracts 13, e741.

<3
O
!

D
)

I‘I

"
25
==

SN
TN

Torusformig
(im eng. Sprachraum: Doughnut-shaped)

| THM Technische Hochschule Mittelhessen ~ DDM - A. Dominik - 137

Beilspiel: Handwriting

H g H g
2 21 2 21
2 21 2 21
2 21 2 21
8 EE | 8 EE |
O ® m o ® W o 2 4 o H W o 2 4 0 ® W o 2 4 o H w
H g H g
2 21 2 21
2 21 2 21
2 21 2 21
8 EE | 8 EE |
O ® m o ® W o 2 4 o H W o 2 4 0 ® W o 2 4 o H w
H H
2 2
2 2
2 2
8 8
o ® m o ® W o 2 4 o » w

| THM Technische Hochschule Mittelhessen ~ DDM ~ A. Dominik - 135
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.. mit dem R-Paket SOM_NN erstellt!

760 (10,16). 1563 (13,32),

| THM Technische Hochschule Mittelhessen ~ DDM - A. Dominik - 139

a) b)

| THM Technische Hochschule Mittelhessen - DDM ~ A. Dominik - 140
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9.3 Zusammenfassung

Tipps

* Di ion der Eingabedaten:
Beliebig. 1 - n*1000 sind méglich, mehrere 100 sind durchaus praktikabel und fithren noch
zu guten Karten. Die SOM passt sich dem Problem an und selektiert wichtige von
unwichtigen Komponenten selbstandig.

* Dimension der Karte:
2-dimensionale Karten sind am besten visualisierbar. Hohere Di ion sollte nur
verwendet werden, wenn das Problem dies erfordert.

* Gitter:
Kohonen selbst empfiehlt hexagonale Karten wegen der klaren Abstandsfunktion. Und: die
sehen einfach besser aus. Quandratische Gitter sind aber einfacher zu implementieren.

¢ Form der Karte:
Nicht exakt quadratisch, da die Karte sonst keine Vorzugsachse hat. Das Training dauert
dann linger. Doughnut-férmige Karten (ohne Rand) sind nur manchmal besser.

¢ Zahl der Lernschritte:
Ist immer sehr grof: 10.000 - 1.000.000. Es spielt meist keine Rolle in welcher Reihenfolge
die Muster prisentiert werden.

¢ Verstirkung seltener Fille:
Da sich die Karte dem Datensatz anpasst, gehen seltene beim Training Falle verloren. Sind
diese wichtig (z.B.: 1 fehlerhaftes Produkt aus 100000 soll erkannt werden), dann miissen
diese Muster entsprechend haufiger prisentiert werden.

| THM Technische Hochschule Mittelhessen - DDM - A. Dominik - 141

Inzwischen gibt es viele Modifikationen, die wir auch noch besprechen werden!

¢ Learning Vecor Quantisation
* Neurales Gas

*  Growing Neural Gas.

THM Technische Hochschule Mittelhessen ~ DDM - A. Dominik - 142
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Kapitel 10:

Autoencoder
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10.1  Vanilla Autoencoder

Ein Encoder und Decoder

Vanilla Autoencoder fur die 5x7-Buchstaben funktioniert sofort

Wieviele Codes sind notwendig fiir 26 Buchstaben?

Input: 5x 7 =35

Wie viele Neurone sind pro Schicht

notig um die gesamte Information zu
it reprisentieren

(Annahme: Binare Neurone)?

Output: 5x 7 = 35
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Wieviele Codes sind notwendig fiir 4 Bilder?

&=9Eae

I
T
[

[
[
| codes |
I
[
[

[
—

=9 de

Tutorial: so wird’s umgesetzt
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Code:
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... wenige Zeilen Code ...

In [52]:

out[52]:

Model:
1 leaky(x) = sigm(x) + Float32(e.001)*x
actf = leaky

encode = Chain(
Dense(12288,1024, actf=actf),
Dense(1624, 256, actf=actf),
6 Dense(256, 4, actf=actf))

decode = Chain(
3 Dense(4, 256, actf=actf),
0 Dense (256, 1024, actfzactf),
11 Dense (1024, 12288, actf=actf))

, mdl = Regressor(encode, decode)

Regressor ((Chain((Dense(P(KnetArray{Float32,2}(1024,12288)), P(KnetArr
ay{Float32,1}(1624)), leaky), Dense(P(KnetArray{Float32,62}(256,1024)),
P(KnetArray{Float32,1}(256)), leaky), Dense(P(KnetArray{Float32,2}(4,2
56)), P(KnetArray{Float32,61}(4)), leaky))), Chain((Dense(P(KnetArray{F
loat32,2}(256,4)), P(KnetArray{Float32,1}(256)), leaky), Dense(P(KnetA
rray{Float32,2}(1024,256)), P(KnetArray{Float32,1}(1024)), leaky), Den
se(P(KnetArray{Float32,2}(12288,1024)), P(KnetArray{Float32,1}(1228
8)), leaky)))))

... und wilde Lernkurven ...

Minibatch loss (epoch = 4 steps)
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10.2  Variational Autoencoder

AEs konnen wide, tight, super tight und deep sein!

Ubersicht

¢ Regularisierung — VAE
¢ Tiefe — DBN
¢ MLP — CNN-AE

¢ Informationsverlust im Bottleneck — uNet

v
-

Vergleich von AE und PCA zur Dimensionsreduktion: ist nicht vergleichbar!

£ "

Joseph Rocca
Towards Data Science

¢ MLP — Seq2Seq

18 D Y

initial data with many features ting

i "
e « »

living

near optimal encoding near optimal encoding
in one dimension in two dimensions
(too much information lost) (less information lost)
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Beim MLP gibt es wenig Regularisierung; dafiir viel Overfitting

I
[
[
[
.
TR
wE o= N(o)

Zufallszahl aus
Normalverteilung
mit pund o
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und so kann man sich das vorstellen

B =
LI

Backpropagation ist aber nur mit Reparametrisierung moglich!

I
e
T R
N ¢ = N(0.0,1.0)
Lo

[ llogo?

c=p+¢-o

0 = sqrt.(0)
l:l T = randn(Float32, size(l))
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Die zusitzliche Lossfunktion wirkt wie ein Gummizug, der die Verteilungen zusammenhalt:

Kullback-Leibler-Divergenz
misst (hier) die Abweichung
von der
Standardnormalverteilung:

- 1
LKL = QZ(UI'Z +u? —Ino? —1)
i

L=+ K"

n = length(x)

loss_2 = sum(abs2, x - y) / n

loss_ KL = sum( O .+ J.*{ .- logd .- 1) / (2n)
loss = loss_2 + loss_KL

A. Asperti, M. Trentin, Balancing reconstruction error and Kullback-Leibler divergence in
Variational Autoencoders, arXiv:2002.07514 [cs.NE].

Tutorial: so wird’s umgesetzt
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Code:




203 Vorlesung Deep Learning, A. Dominik, THM

Ubersicht. wie lassen sich AEs tief machen?

¢ Regularisierung — VAE

¢ Tiefe — DBN

¢ MLP — CNN-AE

* Informationsverlust im Bottleneck — uNet

¢ MLP — Seq2Seq -

v
&
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10.

3

Restricted Boltzmann Machine (RBM)

Probability density {sim)

N;=Ny-gj-e &7

E

Maxwel-Bokzmann Molecular Speed Distribution for Noble Gases

0.004-

0.003

0.002

-
e
-1
=1

— e
1y
“ar

— e

4]

500

1000

1500

Speed (mis)

2000

Boltzmann Machine (Hinton 1985)

“Energie:”

O0000e

| JoJeleJe,
00000
00000

oJol Jol J

00000
00080

FE = —(Z wijSiS]' + 2015,)

i<j

i

BM als assoziativer Speicher

000000

000000

000e00

000000
000000
000000
000000
0e00eo

00000

000000
@00000

000000
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000000
000000
C0000®0

000000
000e00
@0000e0

000000 h 00000

000000
@00000
000000

000e00
000080

00000
000000

0000000
0000000
$332300
000000

Restricted Boltzmann Machine (RBM, Paul Smolensky 1986)

visible Layer

p(hy =1) = o (3_viwi; +b;)

p(v;=1) = O'(Z hjwi; + a;)

J

hidden Layer



206

Kapitel 10. Autoencoder

Energie eines Musters in der RBM

> bihy

“Energie:”
E(v,h)=— E a;v; —
jhidden

ivisible

- E vihjw;;
i.J

Wahrscheinlichkeit fir Muster p:
pv, ) = e BN

7 = ZE—E(V,h)
v.,h

Loss in der RBM
Loss fir Muster p:
_1 —E(v,h)
p(v) =~ Zh: e
dlogp(v
logp(v) — Awy=7- Bgip()
W

dlog p(v
agTI?F) — <Uihj>data (’U,‘hg)reconstruct

ij

Simmulated Annealing hilft dem Optimierer

Loss fur Muster p:
_1 —E(v,h)
p(v) = 7 211: e

p(h]’ = 1) = O'(Z VWi + b]‘)

pvi =1) = 0(Y_ hjwi; + a;)
J
4 /,\\/\/\/

~

~
\
1 \ /\/\J\ a\ [
\_ \_/
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Training der RBM

Input an v anlegen

Propagieren nach h (binire Zustiande)

plhy =1) = U(Z viwij + b))

* Propagieren zuriick nach v
p(oi=1) = (Y hjwi; +a;)
J

Training

Awij =n- (<Uihj>data - <Uihj>reconstruct)

— bis selbstkonsistent

— simulated annealing

Beispiel: Assoziativer Speicher mit fuzzy Eigenschaften

O000@00 000000
iole] I Jele ole] JeoJole
ol JoI Jele ol Jof Jeole
O000@00 000000
000@00 olole] Jeole
ocoeeeoO ocoeeeo
000@00 oleole] Jole)
00ee00 olel I JoJe)
(o] JoI Yole} ol Jof JeoJe)
000@00 0000eO0
000@00 lolele] Jeole)
000eeeo ocoeeeo

Mohammad Fawaz Siddiqi
Build a recommendation engine with a restricted Boltzmann machine using TensorFlow

https://developer.ibm.com/tect p-learning/tutorial gi
with-a-restricted-bol hi; ing floy
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Mehrschichtige RBM
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10.4 Deep Believe Network

Schritt 1: RBM-Training

OO..OO.OOO. RBM: 20 000 — 1024

OO..OOO.O RBM: 1024 — 512
(o] Jol J
000 RBM: 512 — 64
@00
[ Yeo) RBM: 64 — 16

Schritt 2: Unrollung zum MLP

—_—

(o] Tol lol ]
00000 Dense: 20 000 — 1024

Dense: 1024 — 512

oceoe
Dense: 512 — 64
@00
Dense: 64 — 16
@0
Kategorien

oder: Unrolling zum AE

000000
OO0 0O Dense: 20000 — 1024

0000 Dense: 1024 — 512
000 Dense: 512 — 64
Dense: 64 — 16
[ Jo)
000 Dense: 16 — 64

Dense: 64 — 512
oceoe
Dense: 512 — 1024
0e000 Dense: 1024 — 20 000
000000

——
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geht sehr deep und wide

- —

000000

oceoe
(o 1 o]
000
0000
oceoe
0000
0000

000000
Bt

Dense:
Dense:
Dense:
Dense:
Dense:
Dense:
Dense:

Dense:

20 000 — 512
512 — 512
512 — 512
512 — 512
512 — 512
512 — 512
512 — 512
512 — 20 000
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10.5 CNN-Autoencoder

Ubersicht

¢ Regularisierung — VAE

e Tiefe — DBN

¢ MLP — CNN-AE

¢ Informationsverlust im Bottleneck — uNet

¢ MLP — Seq2Seq -

v
-
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Convolution und Deconvolution

- —
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Unpooling und Deconvolution mit Stride 2

- —
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Tutorial: so wird’s umgesetzt
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Code:
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1. Versuch: stumpf

actf = relu
encoder = Chain(
Conv(5,5,3,32; padding=2, actf=actf),

Pool(),

Conv(5,5,32,16; padding=2, actf=actf),
Pool(),

Conv(5,5,16,8; padding=2, actf=actf),
Pool()

decoder = Chain(
DeConv(5,5,8,16; stride=2, padding=0, actf=actf),
DeConv(5,5,16,32; stride=2, padding=0, actf=actf),
DeConv(5,5,32,3; stride=2, padding=0, actf=actf),
x->crop_array(x, (64,64))

mdl = Regressor(encoder, decoder)

Flat Spot!

Minibatch loss (epoch = 4 steps)

m
|4=

2. Versuch: Leaky

leaky(x) = relu(x) + Float32(0.01)*x
actf = leaky
encoder = Chain(
Conv(5,5,3,32; padding=2, actf=actf),

Pool(),

Conv(s,5,32,16; padding=2, actf=actf),
Pool(),

Conv(5,5,16,8; padding=2, actf=actf),
Pool()

decoder = Chain(
DeConv(5,5,8,16; stride=2, padding=0, actf=actf),
DeConv(5,5,16,32; stride=2, padding=0, actf=actf),
DeConv(5,5,32,3; stride=2, padding=0, actf=actf),
x->crop_array(x, (64,64))

mdl = Regressor(encoder, decoder)
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Besser, aber...

Minibatch loss (epoch = 4 steps)

45043
4003
35043
3ev3
25043
203

15043

eraly Stopping hilft, ist aber nicht die Lésung!

3. Versuch: Batch-Normalisation ist notwendig:

leaky(x) = relu(x) + Float32(0.01)*x

actf = leaky

encoder = Chain(
Conv(5,5,3,32; padding=2, actf=actf),
Pool(),
Conv(5,5,32,16; padding=2, actf=actf),
Pool(),
Conv(5,5,16,8; padding=2, actf=actf),
Pool(),
BatchNorm()

)

decoder = Chain(
DeConv(5,5,8,16; stride=2, padding=0, actf=actf),
DeConv(5,5,16,32; stride=2, padding=0, actf=actf),
DeConv(5,5,32,3; stride=2, padding=0, actf=actf),
x->crop_array(x, (64,64))

)

mdl = Regressor(encoder, decoder)
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Minibatch loss (epoch = 4 steps)

45643
de+3
35643
3243
25043
2e+3
15043

1643

=

°

fn
|
e

4. Versuch: Darf es etwas mehr sein?

Minibatch loss (epoch = 4 steps)

300

40k

50k
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5. Versuch: Ultima Ratio

leaky(x) = relu(x) + Float32(0.01)*x

actf = leaky

encoder = Chain(
Conv(5,5,3,32; padding=2, actf=actf),
Pool(),
Conv(5,5,32,64; padding=2, actf=actf),
Pool(),
Conv(5,5,64,128; padding=2, actf=actf),
Pool(),
BatchNorm()

decoder = Chain(
DeConv(5,5,128,64; stride=2, padding=0, actf=actf),
DeConv(5,5,64,32; stride=2, padding=0, actf=actf),
DeConv(5,5,32,3; stride=2, padding=0, actf=actf),
x->crop_array(x, (64,64))

mdl = Regressor(encoder, decoder)

Minibatch loss (epoch = 4 steps)

i E:S ES £ £ 6K 7 B 2% 10k

funto dow
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9 NEp

Anwendungen

Bildsegmentierung
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10.6  uNet

Ubersicht

¢ Regularisierung — VAE

¢ Tiefe — DBN

¢ MLP — CNN-AE

* Informationsverlust im Bottleneck — uNet

¢ MLP — Seq2Seq -

128 64 64 2

-l output
_| segmentation

#1210

= conv 3x3, ReLU
=+ copy and crop
¥ max pool 2x2
4 up-conv 2x2
= conv 1x1

O. Ronneberger, P. Fischer, Th. Brox, U-Net: Convolutional Networks for Biomedical Image
Segmentation, arXiv:1505.04597 [cs.CV]

uNet Anwendungen: Biomedical Image Segmentation
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uNet Anwendungen: Butterfly

Predicted Mask actual Mask segmented image  Coding U-Net For Image Segmentation
. 0 o Butterfly Dataset
https://www.kaggle.com/vanvalkenberg/coding-u-net-for-image-segmentation

Super Resolution: Low Res to High Res Images

Super Image Resolution

https://www.kaggle.com/vanvalkenberg/
super-resolution-low-res-to-high-res-images

1SO 8000 1SO 409600

reconstructed from ISO 8000

C. Chen, Q. Chen, J. Xu, V. Koltun, Learning to See in the Dark,
arXiv:1805.01934v1 [cs.CV]
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10.7 Sequence-2-Sequence Networks

Ubersicht

Regularisierung — VAE
* Tiefe — DBN
MLP — CNN-AE
Informationsverlust im Bottleneck — uNet

MLP — Seq2Seq -

Geht auch mit RNNs

Im Bildchen von Chris Olah:

Encoder Decoder

colah’s Blog:
https://colah.github.io/posts/2015-08-Understanding-LSTMs/
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Unrolling nach Chris Olah:

[A]
®

Encoder

colah’s Blog:
https://colah.github.io/posts/2015-08-Understanding-LSTMs/

Die Darstellung von Google ist genauer?

w x Y z <€0S>

A 8 e <EO0S> w x Y z

Figure 1: Our model reads an input sentence “ABC” and produces “WXYZ” as the output sentence. The
model stops making ictions after outputting the end-of-s ce token. Note that the LSTM reads the
input sentence in reverse, because doing so introduces many short term dependencies in the data that make the

optimization problem much easier.

I Sutskever; O. Vinyals, V.Le Quoc; Sequence to Sequence
Learning with Neural Networks.
arXiv:1409.3215 [cs] 2014.
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Implementierung des Ubersetzers als Seq2Seq-Netzwerk

Ganz genau am Beispiel eines Ubersetzers, der Sequenzen von Woértern auf Worter mapped:

Ich liebe Julia — 15327

I love Julia «— 33217
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Schemazeichnung:

- —




227 Vorlesung Deep Learning, A. Dominik, THM

Implementierung:

: —
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Was noch bedacht werden muss...

¢ Datensatz
¢ Regularisierung

¢ Geduld

Tipps:
« Reverse/bidirectional

¢ Minibatches

Tatoeba Datensatz:

B

tatoebaorg

s Cotectionof

Tatoeba ¢

Tatoeba is a collection of sentences and translations.
It's collaborative, open, free and even addictive.

Q Searc

S8 | wish | had wings to fly. oo e
> W ich winschte, ich hatte Flagel zum Fliegen. [a] o
> I Faimerai ovoi dos aes pour vole o] °
> 0 EKZERIRABARELLOLS. [s] °
> B Queriater asos para voa. [s] °
> Ko, 4T0y Mes HeT KpuLes, IO ReTaT. o) e

~ SHOW S MORE TRANSLATIONS.

manythings org/ank BCR

Gallcian - English glg-eng.zip (173)

% Georglan - English kat-eng.zIp (141)
o BESI German - English deu-eng.zip (227080)
o BESSE=Greek - English ell-eng.zip (16501)

o M5 Hebrew - English heb-eng.zip (126692)

o BE=22 Hind! - English hin-eng.zIp (2915)

o B ungarian - English hun-eng.zip (93602)
o BESmlm colandic - English Isl-eng 2Ip (6558)

o BE=T32 liocano - English llo-eng.zip (1668)

o MESSE |donesian - English ind-eng.zip (7141)
o B | talan - English ta-eng 2ip (345244)

« B @ Japanese - English jpn-eng.zip (66935)
o BES3 Kabyle - English kab-eng 2Ip (30136)

© B Kannada - English kan-eng.zip (155)

o« BE= & Kapampangan - English pam-eng.zlp (1168)
o S has - English kha-eng.2ip (800)

o B Khmer - English khm-eng.zp (473)
Korean - English kor-eng zIp (3648)

o BT Latvian - English Ivs-eng 2Ip (735)
© B Lthuanian - English Ii-eng.2ip (2052)
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Weitere Datenquellen

* EU-Birokratie

¢  Mozilla

Import geht einfach

In [42]: using Unicode
data file = "Data/deu.txt"
data = readlines(data file)
is, os.= [], [
for line in data
en, de, attr = split(line, "\t")

Unicode.normalize(de)
replace(de, Regex("[.17,;:]") => **)

de
de

en = Unicode.normalize(en)

en = replace(en, Regex("[.17,;:\"\']") = "*)

push! (is, de)
push! (os, en)
end
16 is
out[42]: 227080-element Array{Any,1}:

“Geh"

"Hallo"

“Grif Gott"

“Lauf*

“Lauf*

“Potzdonner”

“Donnerwetter"

"Fever"

"Hilfe"

"Zu HOlf"

“Stopp*

“Anhalten®

"Warte"

“Ich empfenle muttersprachliche Sitze beizutragen denn bei diesen kann man au

kLingen”

“Ein Gebaude mit hohen Decken und riesigen Réumen mag weniger praktisch sein
setzt aber dafir figt es sich oft gut in seine Ungebung ein”

“Als Streich lieRen einige Schiiler drei Ziegen in ihrer Schule los machdem si
en der Ziegen gemalt hatten Die Lehrer brachten den Grofteil des Tages damit z

Regularisierung mit etwas dropout() ist immer moglich:

Model:

mutable struct S25

embed_enc

drop

enbed_dec

1stm_enc

stm_dec

predict

voc_in; voc_out; embed; units
end

function $25(n_embed, n_units, n vocab_in, n_vocab_out)
embed_enc = Embed(n vocab in, n_embe
1 drop = Dropout (9.1)
embed_dec = Enbed(n _vocab_out, n_embed)
stm_enc = LSTM(n_embed, n_units]
Ustm dec = LSTM(n_embed, n_units)
predict = Predictions(n_units, n_vocab_out)

525(embed_enc, drop, embed dec, lstm enc, lstm dec, predict,

h_vocab_in, n_vocab_out, n_embed, n_units)
end
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Dann ist Geduld nétig!

Ein weiterer Tipp: Riickwarts trainieren ist manchmal besser.

Ich liebe Julia -> I love Julia

Julia liebe Ich -> I love Julia
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Minibatches bei RNNs

Problem: die Sequenzen sind nicht gleich lang!

minibatch
@
( a5 =3 23 €8
minibatch
Encode o o
g 3
NI e

sdays

minibatch

Lo

sdas
swrn

Padding vorne oder hinten; je nachdem, was sinnvoller ist:

minibatch

0

sdays
Jwn

minibatch

sdas
s
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Besser als Padding ist sortieren! Ziel: innerhalb jeder Minibatch miissen die Sequenzen gleich lang sein.

minibatch
Q=
g 2

minibatch
@ o
g 2

Mit mb-size=64: 7 min pro Epoche statt 7 Stunden!

Minibatch loss (epoch = 3576 steps)

45

ss A
+11'}

|
2 h"q
B
|

L (AT
1 WML |
" J\*““"‘W‘r‘w "

05 Ik AN v rioe

(with
inibat
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Kapitel 11:

Attention-Mechanismen
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11.1  Was ist Attention?

Recap: Seq2Seq

\
‘ [
/|
(I

s2s in den Bildchen von Chris Olah

Encoder Decoder

colah’s Blog:
https://colah.github.io/posts/2015-08-Understanding-LSTMs/

s2s unrolled ...

Decoder

Encoder
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Ohne Bottleneck - Step 1

®—>-6

Encoder

@

®

Encoder

Besser mit Attention Factors «

L ]

attention factors
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Alles kann die Attention beeinflussen:

@ Decoder

Ich liebe die Sprache Julia

in unserer Darstellung:

Y N N

SUE = f(last state, h", step, input,...)

Ich liebe Julia

a = softmax(f1#")

Loss

Berechnung der Alignment Scores, der Attention Factors und des neuen Context Vectors, der den alten
== hidden State (t-1) ersetzt:

e = f(last state, h", step, input, ... )

;= softmax(f*"(...))

t
=S ik = here -l
i=1
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11.2 Bahdanau-Attention (concat/additive):

Ich liebe Julia

el
15 5 2 Folisn — f(last state, h°"¢)

/u = softmax(f*#")

love

encoder hidden states h

Loss

D. Bahdanau, KH. Cho, Y. Bengio;
Neural Machine Translation by Jointly Learning to Align and Translate
ICLR 2015.

Ich liebe Julia

encoder hidden states h '

Loss

D. Bahdanau, KH. Cho, Y. Bengio;
Neural Machine Translation by Jointly Learning to Align and Translate
ICLR 2015.

Umsetzung:

4.1 DATASET

WMT ’14 contains the following English-French parallel corpora: Europarl (61M words), news
commentary (5.5M), UN (421M) and two crawled corpora of 90M and 272.5M words respectively,
totaling 850M words. Following the procedure described in[Cho e al|(2014a), we reduce the si
the combined corpus to have 348M words using the data selection method by
‘We do not use any monolingual data other than the mentioned parallel corpora, although it may be
possible to use a much larger monolingual corpus to pretrain an encoder. We concatenate news-test-

4.2 MODELS

We train two types of models. The first one is an RNN Encoder-Decoder (RNNencdec, [Cho ef al}
[2014a), and the other is the proposed model, to which we refer as RNNsearch. We train each model
twice: first with the sentences of length up to 30 words (RNNencdec-30, RNNsearch-30) and then
with the sentences of length up to 50 word (RNNencdec-50, RNNsearch-50).

The encoder and decoder of the RNNencdec have 1000 hidden units each[] The encoder of the
RNNsearch consists of forward and backward recurrent neural networks (RNN) each having 1000
hidden units. Its decoder has 1000 hidden units. In both cases, we use a multilayer network with a
single maxout (Goodfellow e al} 2013) hidden layer to compute the conditional probability of each
target word (Pascanu et al{ 2014).

We use a minibatch stochastic gradient descent (SGD) algorithm together with Adadelta
to train each model. Each SGD update direction is computed using a minibatch of 80 sen-
tences. We trained each model for approximately 5 days.

D. Bahdanau, KH. Cho, Y. Bengio;
Neural Machine Translation by Jointly Learning to Align and Translate
ICLR 2015.
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Ergebnisse:
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Umsetzung des additive-Style:

- —
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Beispiel-Implementierung ohne Minibatches als mini-MLP:

palisn

_ pdec enc
= Weombine tanh (wichi™) + wenchc)

struct AttnBahdanau

& end

function (attn::AttnBahdanau)(h_t, h_enc)

16 end

AttnBahdanau(n_units) = new(Dense(n units, n_units, actf=i
Dense(n_units, n_units, act
Dense(n_units, 1, actf=identity))

# simple: only w/o minibatch
#

#h t is a (n_units),
# h_enc is (n_units, n_steps)

steps = size(h enc)(2]
# expand h_t to fit all steps -> h_dec is (n_units, n_steps):

#
h_dec = hcat((h_t for i in l:steps)...)

attn_score = attn.combine(tanh.(attn.enc(h enc) .+ attn.dec(h dec)))
a = softmax(attn score)

context = h_enc * pernutedins(a)
return context, a

AttnBahdanau(3)

alh t, h_enc)

Beispiel-Implementierung mit Minibatches:

fw“gn

. lec B enc
= Wecombine tanh(u dec /7’,',’1 + Wench )

struct AttnBahdanau
enc

end

1 function (attn::AttnBahdanau)(h_t, h_enc) # h
#h

combine
A

_units) = new( _units, n_units, actf=identity),
Dense(n_units, n_units, actf=identity),
Dense(n_units, 1, actf=identity))

t is a (n_units, <n_mb>),

enc is (n_units, <n_mb>, n_steps)
# make all 3d:

#

h_encR = reshape(h_enc, size(h_enc)[1], :, size(h_enc)[ndims(h_enc)])
units, mb, steps = size(h_enc)

h_tR = reshape(h_t, size(h_t)[1], :)

# this is possible, because the TensorDense-layers are used:

#

attn_score = attn.combine(tanh. (attn.enc(h_encR) .+ attn.dec(h_tR)))
a = softmax(attn_score, dims=3)

# calc. context from encoder states:
#

c = sun(a .* h_encR, dims=3)

remove unneeded dims:

eshape(c, units, mb)
eshape(a, mb, steps)

return ¢, «
d
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11.3 Luong-Attention (multiplicative/general)

Alignment-Funktionen aus dem Luong-Paper:

Alignment Score Function: ~ f8" = f(last state, encoder annotations)

FE e o) = o tanb(wngen 1155 2°7])
fgeuer;\l(h;liull henc) =h ;/(—(l Tu’attn pene

ot (pdec peney — pdec Tpene

M.T. Luong, H. Pham, Ch.D. Manning,
Effective Approaches to Attention-based Neural Machine Translation,
arXiv:1508.04025 [cs.CL], 2015.
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Umsetzung des multiplicative-Style:

- —
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Beispiel-Implementierung ohne Minibatches:

general (pdec  penc lec T enc
f° (ht—lv h ) = }I;L(l Wattn

1 # general:
#
struct AttnGeneral

W
5 AttnGeneral (n_units) = new(paran(n_units, n_units))
en

5 # simple: only w/o minibatch

#
function (attn::AttnGeneral) (h_t, h_enc) # h_t is (n units),
# h_enc is (n_units, n steps)

attn_score = pernutedins(h t) * attn.w * h_enc
4 a = softmax(attn _score)

context = h enc * permutedins(a)
1 return context, «
end

a = AttnGeneral(3)
2 a(h_t, h_enc)

In vereinfachter Einstein-Notation:

general (pdec pency _ pdecT, enc
f (h29, ™) = hi“) " Wagenh

K

1 @einsum a[mb,t] := h_t[ud,mb] * w[ud,ue] * hienc[ue,mb,t]|

Beispiel-Implementierung mit Minibatches:

fgr‘nnral (hltiicl henc) =} [(,(—(‘I Twatmhenc

struct AttnGeneral
2 projection
AttnGeneral(n_units) = new(Linear(n_ units, n units, bias=false, actf=identity))
end

is (n_units,<n mb>),

function (attn::AttnGeneral)(h_t, h enc) #h t
# h_enc is (n_units, <n_mb>, n_steps)

) units = size(h enc)[1]

10 steps = size(h_enc) [ndins(h enc)]

11 h_enck = reshape(h enc, units, :, steps)
1 mb = size(h enc)[2]

h_tR = reshape(h_t, units, :)

proj = attn.projection(h_encR)
5 attn_score = sum(proj .* h_tR, dims=1)
@ = softmax(attn score, dims=3)

19 ¢ = sun(h_enc .* «, dims=3)

remove unneeded dims:

= reshape(c, units, mb)

1 #
2 #
c
a = reshape(a, mb, steps)

5 return ¢, @
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11.4 Dot-Product Attention

Beispiel-Implementierung ohne Minibatches:

dot (y,dec pency _ jdec Tpenc
SR ) = R TR

# dot:

2 #
struct AttnDot

# sinple: only w/o minibatch

#

function (attn::AttnDot)(h t, h_enc) # h_t is (n units),

# h_enc is (n_units, n_steps)
steps = size(h_enc)[2]

attn_score = pernutedims(h_t) * h_enc
a = softmax(attn_score)

context = h_enc * pernutedins (a)
return context, a

Beispiel-Implementierung mit Minibatches:

f‘lul (hzli(lv hem:) — }I«/lv .'I Thmu'

# dot:

#
struct AttnDot
en

function (attn::AttnDot)(h_t, h_enc) # h t is (n_un

# h enc is (n

# make all 3d:
#

h_encR = reshape(h enc, size(h enc)[1], :, size(h_enc)[ndims(h _enc)])

units, mb, steps = size(h encR)
h_tR = reshape(h_t, size(h_t)[1], :)

attn_score = sum(h_encR .* h_tR, dims=1)
o = softmax(attn_score)

c = sum(h_enc .* a, dims=3)
remove unneeded dims

= reshape(c, units, mb)
= reshape(a, mb, steps)

20 ®w

return ¢, a
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11.5 Attention fiir besonere Falle

Location-based Attention

oo = softmax(lz;li‘iTUJattn)

Ich licbe  Julia

encoder hidden states h™

Loss

Temporal Attention

!¢ = softmax(h{ Twatin)

Ich liebe Julia

encoder hidden states h™ '

Loss
Input Feeding
Ich liebe Julia
15 3 27 £ Ry, 2) = tanh(wagen 15 7

align)

/u = softmax( f°

encoder hidden states h™

Loss
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Umsetzung Input Feeding

FlEn (g, ay) = tanh(wam,[/l}l',ﬂ s21])

# infeed:

#
struct AttnInFeed
combine
AttnInFeed(n_units, n_embed, max_seq) = new(Dense(n_units+n _embed, max_seq,
actf=tanh))

end

# simple: only w/o minibatch

#

is (n_units),

#ht
# henc is (n_units, n_steps)
# x is (n_embed)

function (attn::AttnInfeed) (h_t, h_enc, x)

attn_score = attn.combine(vcat(h_t, x))
6 a = softmax(attn_score)

context = h_enc * a
return context, «
end
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11.6  Soft vs. hard Attention

Soft:

Julia

27 fUE0 = f(last state, A", step, input, ... )

o = softmax(f*#")

encoder hidden states h

Loss

Hard:

Ich liebe Julia

3 27 fUe0 = f(last state, A", step, input, ... )

o = softmax(f*15")

encoder hidden states h™™

Loss
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11.7  Beispiel: Machine Translation

Datensatz

manythings.org

n €

& B Fiish - Engiish fin-eng 2 (63562)

I German - English deu-eng.zip (227080)
== Greek - English ell-eng.zIp (16501)

T Hebrew - English heb-eng.zip (126692)

o M= bindi - English hin-eng.zip (2915)

© M= Hungarian - English hun-eng.2ip (93602)

o BRI celandic - English is-eng 2ip (6558) im Tutorial!
© BE=8 llocano - English llo-eng.2ip (1668)

Indonesian - English ind-eng.zip (7141)

o B | ttalian - English ita-eng.zIp (345244)

@ Japanese - English jpr-eng.zip (66935)

© B3R Kabyle - English kab-eng zIp (30136)

@ B Kannada - English kan-eng.zip (155)

o BE= g Kapampangan - English pam-eng.zip (1168)
© BESI has - English kha-eng.2ip (800)

o B Knmer - English khm-eng zip (473)

‘@ Korean - English kor-eng.2ip (3648)

B Latvian - English Ivs-eng zip (735)
o B Uithuanian - English lit-eng.zip (2052)

Erste Trainingsversuche: 50 Epochen

ace - Train ace - Validation
14 1
| MB: 16
08 } 08
0.6 } 0.6 MB: 32
{ | dropout: 0.3
04 04 ot
[ 12: 2e
02 } 02
0 } 0
0 10 20 30 40 50 0 10 20 30 40 50
Loss - Train Loss - Validation
03 03
02 02
01 01
0 0
0 10 20 30 40 50 0 10 20 30 40 50

Ohne Attention:
¢ “Ich liebe Julia” — “I love Julia”
¢ “Peter liebt Python” — “Peter loves Python”

¢ “Ich liebe Python” — "I love Julia”

Mit Attention:
¢ “Ich liebe Julia” — “I love Julia”
e “Peter liebt Python” — “Peter loves Python”

¢ “Ich liebe Python” — "I love Python”
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Ergebnisse: Attention

<fin>
homework
my

in

is

music
music
hear

always

& @ A & € 3
A S &

N Q\p&

Julia> o,Q = translate(mdl,
"Ich hére immer gerne klassische Musik in meiner Freizeit")

"I always hear music music is in my homework <fin>"

0.7

06

05

04

03

02

01
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11.8 Attention mit CNNs

Image Captioning

A man is flying a kite on a sandy beach.

Caption

Image
LSTM I LST!TM
resnet50 LST™M I LST!TM
LSTM I LSTETM

poolc5
Embedding

Caption

Rister, Blaine and D. Lawson.
Image Captioning with Attention.
cs231n.stanford.edu, (2016).

erfolgreiche Beispiele

a group of people on
skis in the snow

aman and a woman are
playing a video game

Rister, Blaine and D. Lawson.
Image Captioning with Attention.
cs231n.stanford.edu, (2016).

Y
LST™M I ST_TM

l '
resnet50 LST™M I LSTM LSTM
LSTM l LSTMqLSTM
L__l

Attention Embedding

a street sign on a pole
on a street

aman in a white shirt and
black shirt playing tennis
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Fehlerhafte Beispiele

A woman holding a clock in her hand.

Summary

e Urspriinglich fiir Seq-2-Seq erfunden
¢ direkt moglich bei Seq-Classifier

e auch moglich bei CNNs (Region der Feature Matrix)

Je nach Anwendung eher
*  syntaktisch
e sematisch
* location-based

* temporal
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Kapitel 12:

Transformer - Attention is All you Need
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12.1 Attention

Attention im RBB

Ich liebe Julia Y

Loss Loss Loss

Ich liebe Julia
3 27

encoder hidden states ™[ -

Loss

Attention auch ohne RNN moglich?

Ich liebe Julia
15 3 27

Encoding I love Julia

v

encoder hidden state

T love Julia Loss

Flen = f(last state, h°"¢, step, input,...)
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Paper: Attenion is All You Need (2017)

Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

Google Brain:

Vaswani, A.; Shazeer, N.; Parmar, N.; Uszkoreit, J.; Jones, L.; Gomez, A. N.; Kaiser, L.;
Polosukhin, I. Attention Is All You Need; 31st Conference on Neural Information
Processing SystemLong Beach, CA, USA, 2017.

Vaswani, A.; Shazeer, N.; Parmar, N.; QOutput
Uszkoreit, J.; Jones, L.; Gomez, A. N; Kaiser, Probabilitics
L.; Polosukhin, I. Attention Is All You Need;
31st Conference on Neural Information
Processing SystemLong Beach, CA, USA,
2017.

Add & Norm

[(Add & Norm }

Multi-Head
Attention

Nx
Nx
Masked
Multi-Head Multi-Head
Attention Attention
e ——
AN J
Positional A Positional
Encoding )_® Encoding
Input Qutput
Embedding Embedding
Inputs Outputs

Embedding und Encoding

Tokenisation

Julia®,
e Python"]
de_vocab = wordTokenizer(de)] v WordTokenizer
len - 10
w2i -+ vDict{String, Int64}
"peter" => 1

*Ich® =2

¢ Nummer pro Wort (besser Token)
« zufillig
* eindeutig
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Trainierbares Embedding

aus
¢ Training
¢ vortrainiert

e tiiberlegt

struct Embed
W

Embed (v_siz, embed)

end

(1::Embed) (x) = Ll.w(:,x]

Peter Python
liebt
Ich liebe
Julia
Peter
Ich
Python
Julia
liebe
liebt
Peter
Ich
Python
Julia
liebe
liebt

= new (Knet.param(embed, v_siz))

Positional Encoding

* Position des Tokens soll im Embedding sichtbar sein!

Peter 1.5,
Ich 1.0,
Python 10.0,
Julia 8.5,
liebe 2.0,
Liebt 1.5,

Peter
Ich
Python
Julia
liebe
Liebt

PE(pos,2i) = sin([l()s/]00002’/":-.»4“)
PE(p02i11) = cos(pos/10000/ 4 )

function positional encoding(n_embed, n_seq)

angl = [1/(10000"(2*i/n_embed)) for i in 1l:n_embed/2]

angl = angl * permutedims(1:n_seq)
pe = vcat(sin.(angl), cos.(angl))

return pe

1.5, 10.0
1.0, 9.0
10.0, 5.5
8.5, 5.0
2.0, 2,0
15 15
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¢ Position des Tokens soll im Embedding sichtbar sein!

n_seq = 50

n_embed = 512

pe = positional encoding(n_embed, n_seq)
heatmap(pe, c=:redsblues

¢ Position des Tokens soll im Embedding sichtbar sein!

n_seq = 50

n_embed = 512

pe = positional encoding(n_embed, n_seq)
heatmap(rand(n_embed, n_seq).+pe, c=:redsblues)

Dot-Product Selfattention

erste Idee des Transfromers

Ich liebe Julia I'love Julia
235 314

predict

I love Julia Loss

0.75

0.50

025

—0.25

=0.5C

=0.7%
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Attention aus K, Q und V

Values V ‘ | Keys K ‘ | Query Q ‘

Alles moglich

Einfachste Variante:

Dot-Product-Attention

(Achtung: Matrix-Produkt nicht Skalarprodukt!)

Scaled Dot-Product Selfattention

‘\ Dense H Dense H Dense W Projektion
Q K \%
K'Q
Vdepth
softmax

e

V.a

| Dense ‘

==

Matrix der Attention-Faktoren

Ich | Ich |liebe |Julia | pad | pad

liebe | Ich |liebe |Julia | pad | pad

Julia | Ich |liebe | Julia | pad | pad

pad Ich liebe | Julia pad pad

pad | Ich liebe | Julia pad | pad

2 Probleme:
* Padding soll ignoriert werden!

« fast die gesamte Attn geht auf die Diagonale!
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Maskierung

Attention fiir maskierte Positionen soll 0.0 sein:
\i

K/l\«

| Dense H Dense H Dense ‘

KTQ_
Vdepth

softmax

Wie maskieren, dass nach softmax() die 0.0 entsteht?

using Knet

x = [0.5 6.0 -1.5 10.5 -5.5]

1x5 Array{Float64,2}:
0.5 6.6 -1.5 10.5 -5.5

softmax(x)

1x5 Array{Float64,2}:
4.48988¢-5 0.0109864 6.0764e-6 0.988963 1.11293e-7

softmax()

using Knet

x = [0.5 6.0 -1.5 10.5 -5.5]
1x5 Array{Float64,2}:
0.5 6.6 -1.5 10.5 -5.5
softmax (x)

1x5 Array{Float64,2}:
4.48988e-5 0.0109864 6.0764e-6 0.988963 1.11293e-7

softmax(x) .* [1 116 0]

1x5 Array{Float64,2}:
4.48988¢-5 0.0109864 6.0764e-6 0.0 0.0

hinterher maskieren
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using Knet

x = [0.5 6.0 -1.5 10.5 -5.5]
1x5 Array{Float64,2}:
0.5 6.0 -1.5 10.5 -5.5

softmax(x)

1x5 Array{Float64,2}:

4.48988e-5 0.0109864 6.0764e-6 0.988963 1.11293e-7
softmax(x) .* [1110 0]

1x5 Array{Float64,2}:

4.48988e-5 0.0109864 6.0764e-6 0.0 0.0

softmax(x .* [1 110 0])

1x5 Array{Float64,2}:
0.00404792 0.990494 0.000547827 ©.00245519 0.00245519

vorher maskieren

using Knet

x = [0.5 6.0 -1.5 10.5 -5.5]
1x5 Array{Float64,2}:
0.5 6.6 -1.5 10.5 -5.5

softmax(x)

1x5 Array{Float64,2}:

4.48988e-5 0.0109864 6.0764e-6 0.988963 1.11293e-7
softmax(x) .* [111 0 0]

1x5 Array{Float64,2}:

4.48988e-5 0.0109864 6.0764e-6 0.0 0.0

softmax(x .* [1 110 0])

1x5 Array{Float64,2}:

0.00404792 ©.990494 ©0.000547827 0.00245519 0.00245519
M= -1e9

softmax(x .+ [0 0 0 M M])

1x5 Array{Float64,2}:
0.0040679 0.995382 0.00055053 0.0 0.0

mit -1 000 000 000 maskieren

x = [0.5 6.0 -1.5 10.5 -5.5]
mask = [0 0 0 1 1]

masked_softmax(x, mask) = softmax(x .+ -1e9 .* mask)

masked_softmax(x, mask)

1x5 Array{Float64,2}:
0.0040679 0.995382 0.00055053 0.0 0.0

mit vorbereiteter Maske
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Fir die Minibatch

Ich liebe Julia
Peter mag Python viel lieber

Padding:

[ERTEY]
RRRE RS

2
3
5
0
0

ORI S

function padding mask(x; pad=0)
return x .== pad
end

X =

2
3
5
0
0

Novow®s

]

padding_mask(x)

5x2 BitArray{2}:
0 0

0
0
il
i

cooo

Ich liebe Julia
Peter mag Python viel lieber

function padding mask mha(x; pad=0)
return reshape(x .== pad, size(x)[1],1,1,size(x)[2])
end

X =

2
3
5
0

N0 s

0
padding_mask_mha(x)
5x1x1x2 BitArray{4}:

[P Frg: Ta i

T mrooo
-
N
1

coooo:-

Implementierung der Attention

function dot prod attn(q, k, v; mask=nothing)

score = bmm(k, q, transA=true) ./ Float32(sqrt(size(q)[1])) # [s q, s k, ...,

if mask != nothing
score = score .+ mask * Float32(-1e9)
end

o = softmax(score, dims=1)
c = bmm(v, a)
return ¢, a

end
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M

ulti-Headed Selfattention

Ich [0.83 -0.28 -0.72 1.20 ...0.33-1.79 0.97 -0.99]

Ich | tch licbe [suia

licbe | Ich | liebe [Julia

Julia | teh {lcbe | jutia [ pad | ot

pad | h [uebe [t | pad | pad

pad [ 1 [uebe |1ube | pad | pad

Ich [0.83 -0.28]

0] ... [0.33 -1.79] [0.97 -0.99]

teh [ eh [ticbe [yutia | pad | padt

liebe [ 1ch [1iebe [Julia | pad | padt

Julia

function separate heads(x, n)
depth, seq, mb = size(x)
mh_depth = depth + n
x = reshape(x, mh_depth, n, :, mb)
return permutedims(x, (1,3,2,4))
end

function merge_heads(x)
mh_depth, seq, n, mb = size(x)
depth = mh_depth * n
x = permutedims(x, (1,3,2,4))
return reshape(x, depth, :, mb)
end

1) Embedding-Tiefe teilen in n Heads und eine ebene pro
Head einfiigen (zusitzliche Dimension)

2) Sequenzlinge zuriick in 2. Dim

— head-depth * seg-len * n-heads * n-minibatch

O — seqg-lenl * seq_len2 * n-heads * n-minibath

function(mha: :MultiHeadAttn)(q, k, v; mask=nothing)

mha.dense_q(q) # [depth, n_seq, n mb]
mha.dense q(k)
mha.dense q(v)

separate heads(q, mha.n_heads) # [depth/n, n_seq, n heads, n mb]
separate_heads(k, mha.n_heads)
separate heads(v, mha.n_heads)

c, a = dot_prod attn(q, k, v, mask=mask) # c: [depth/n, n _seq, n_heads, n mb]
# a: [n seq, n _seq, n _heads, n mb]

c = merge_heads(c) # [depth, n seq n mb]

return mha.dense out(c), a

end

1) Projektionen von Q, K, V berechnen
2) Embedding-Tiefe teilen in n Heads
3) Attention

4) Heads zusammenfassen

5) Projektion zuriickliefern
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12.2  Der Encoder

... unfertig

Ji\

‘ Multi-Head-Attention ‘

< 4

vy

2-Layer Feed-Forward
(MLP)

mit Residual-Connections

‘ Multi-Head-Attention ‘

| Normalisation

i

2-Layer Feed-Forward
(MLP)

y

‘ Normalisation

N

n=_8-24

Der Encoder lernt die
Quellsprache.

n=_8-24
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12.3 Der Decoder

Encoder im Transformer

Ich liebe Julia
235

Tlove Julia
314

Encoder{ ===
g )

predict

Ilove Julia Loss

Selfattention im Decoder

Ich liebe Julia

Encoder{ =

Multi-Head-Attention

( Normalisation

.

fertig!

Ich liebe Julia

2-Layer Feed-Forward
(MLP)

{ Normalisation J

Multi-Head-Attention

[ Normalisation

% K\qQ

{ Normalisation

‘ 2-Layer Feed-Forward ‘
(MLP)

{ Normalisation

Der Decoder lernt die
Zielsprache.

n=_8-24

Der Transformer
ubersetzt.

n=_8-24
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Transformer in

Add & Norm

der Google-Darstellung

o
Probabilities

Add & Norm

Nx
Nix
Multi-Head Multi-Head
Attention Attention
A 73 A J
. _JJ
Positional Positional
Encoding Encoding
l Input I Outout |
Embedding Embedding
!
Inputs

Maskierte Selfattention mit Peek-ahead Mask

Add & Norm,

QOutputs

Probabilities

Ilove Julia <stop>

Add & Norm
Feed
Forward
Add & Norm

Multi-Head
Altention

Nx
Nx Add & Norm
Multi-Head Multi-Head
Attention Attention
—J L|:}
. 2
Positional Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Qutputs
<start> Ich liebe Tulm‘? stop> - § B T
1 Problem:

Im RNN wird immer ein Token pésentiert
— Vorhersage nétig, keine Schummelei
moglich.

Im Transformer wird die ganze Sequenz
présentiert — keine Vorhersage notig!
Nur shift:

<start> Ich liebe Julia — I love Julia <end>

Vorlesung Deep Learning, A. Dominik, THM
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<start> love Julia pad

<start> |<start>|<start><start>{<start><start

love | love | love | love| love | love

Julia | Julia | Julia Julia Julia | Julia

pad | pad | pad | pad | pad | pad

<start> love Julia pad

<start> |<start>|<start><start>{<start><start

love| love | love

Julia | Julia
s o |

love
=
=

OO -

Look-ahead Mask und Padding Mask:

<start> | love Julia pad
<start> |<start>|<start><start>{<start><start
I @ I I 1 I
love mask) | love| love | love
Julia mask| |\mask| | Julia| Julia
~Bees




271

Vorlesung Deep Learning, A. Dominik, THM

function peek ahead mask(x)
n_seq = size(x)[1]

return 1 .- UpperTriangular(ones(n_seq, n_seq))

e ... wenn moglich mit triangular()-Funktion

UpperTriangular(ones(5,5))

5x5 UpperTriangular{Float64,Array{Float64,2}}:
1.6 1.0 1.0 1.0 1.0

® 1.0 0 1.0
1:6 1:0
> I

[oX-R-R-1

1.
1z
1.
1

1 function padding mask(x; pad=0)

return reshape(x .== pad, size(x)[1],1,1,size(x)[2])
en

6 function peek ahead mask(x)
n_seq = size(x)(1]

return 1 .- UpperTriangular(ones(n_seq, n_seq))
e
x=[24
38
56
09
16 671
5x2 Array{Int64,2}:
2 4
38
5 6
09
07

max. (padding mask(x) , peek ahead mask(x))
5x5x1x2_Array{Float6d,4}:

i, 5,1, 1) = . .

0.6 0.6 0.6 0.0 0.0 Dims sind:

1.0 0.0 0.0 0.0 0.0 .

1.0 1.0 0.0 0.0 0.0 (wie a -Tensor,

1.0 1.6 1.0 1.0 1.0 .
1o 1.6 100 1.0 1.0 bzw. broadcastable mit o)
[, :01, 2] =

?: gg gg gg gg [seg-len, seqg-len, heads,
1.0 1.6 0.0 0.0 6.0

1.0 1.0 1.0 0.0 0.0

1.0 1.6 1.0 1.0 0.0
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12.4 Training des Transformers

Training mit 4 = 0.001

6 PO o NS

Minibatch Loss

02 PM 03 PM 04 PM 05 PM 06 PM

0.9
0.8
o Training Accuracy
0.6
05
0.4
03

0.2

0.1

02 PM 03 PM 04 PM 05 PM 06 PM

Warum sollte das auch funktionieren?

Ich liebe Julia

Das Ergebnis soll den Sinn
des Satzes représentieren?
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Winzige Lernrate erzeugt eine loake Delle in der Fehlerflache...

A

Dense Dense Dense
Q v

Lernratenstrategie

-

-9

10 — (7

ayn = AllYouNeed(n_layers=6, depth=256, n_heads=8,
Xx_vocab=d_vocab, y vocab=e vocab, drop_rate=0.1)

ayn = tb_train!(ayn, Adam, mbs, epochs=20,
lr=1e-9, lr_decay=2e-4, lrd_freq=20, lrd_linear=true,
beta2=0.98, eps=le-9,
tb_name="tatoeba fixed WARMUP",
acc_fun=train_acc, eval_size=0.01, eval freg=1
)
Knet.gc()

ayn = tb_train!(ayn, Adam, mbs, epochs=60,
lr=2e-4, 1lr_decay=le-5, lrd_freq=0.5, lrd_linear=false,
beta2=0.98, eps=le-9,
tb_name="tatoeba_fixed TRAIN",
acc_fun=train_acc, eval_size=0.01, eval_freg=1

)
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S Minibatch Loss, Minibatch Loss,
R Warmup Training

06PM | 07PM | 08PM | 09PM | 10PM | 11PM | 12AM | O1AM | 02 AM | 03 AM | 04 AM | 05 AM | 06 AM | 07 AM | 08 AM

Train Accuracy,
Warmup

0 Train Accuracy,
Training

06PM | 07PM | 08PM | 09PM | 10PM | 11PM | 12 AM | 01 AM | 02 AM | 03 AM | 04 AM | 05 AM | 06 AM | 07 AM | 08 AM
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12.5

Prediction

I love Julia <stop>

Output
Prooabilities

Softmax

Linear

—
Add & Norm
Feed
Forward
Add & Norm
(CAdd & Norm )
R Vidit-Head
Feed Altention
Forward Nx
Nx Add & Norm
(CAdd & Norm )
'Add & Norm =
Muli-Head Multi-Head
Attention Attention
Positional Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

<start> Ich liebe Julia <stop>

Loop

AGT 8 Nom

Fead
Forward

N AGTE Nom

Muli-Head
Attention

(shifted right)

Wir kénnen:
“I'love Julia” in
“I love Julia” transformieren,

Im Kontext von “Ich liebe Julia”,

aber ...

<start> I love Julia

Softmax

Thear

700 & Norm

Feed
Forward

AG3 & Norm

Vull-Head
Agtention

AGd & Norm
Masked
Mult-Head
Aftention

0 O

nput
Embeddng
T

<start> Ich liebe Julia <stop>

AGTE Nom
Forward
M AGTE Nom

Mul-Head
Attention

Output
Embedding

<start>

I

Thear

200 & Norm
Feed
Foward
AGG & Norm

Vul-Head
Agtention

AGd & Norm

Masked
Mult-Head
fention

-

f—

Posilional
Encoding

nput
Embedding
i

<start> Ich liebe Julia <stop>

Output
Embedding

<start>

Ilove I love Julia I love Julia <stop>

<start>1  <start>Tlove  <start>Ilove Julia
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¢ Encoder muss nur einmal berechnet werden
* 2 Moglichkeiten, die Sequenz zu bekommen:
- immer letztes Zeichen anhangen

- immer ganze transformierte Sequenz
berichten.

Optimierung

*  Zunichst: langsam
- Grof}, viele Parameter
- Kleine Lernrate
- Warmup

e Aber:

- Nur Matrix-Multiplikationen — perfekt auf GPUs

- Training langsam, Prediction optimierbar!

Grof3e Netze lernen schneller als kleine!?!
¢ Relativ grof} starten
¢ Minibatch size matters!
* Time pro Epoche vs. Wall Time
e dann optimieren:

- quantisation: Rechengenauigkeit verringern

- prune: ungenutzte Parameter entfernen
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12.6  BERT: Bidirectional Encoder Representations for Transformers

Ich liebe Julia I love Julia

Encoder Decoder I g

I'love Julia

Masked Language Modelling (MLM)

Ich liebe Julia

Icl\TJulin

Ich liebe Julia *  15% der Tokens maskiert
IC]‘TJHIM ¢ Loss nur fiir die Predictions
e Tricks:

von den 15% maskierten Tokens werden maskiert

- 80% mit [MASK]
(sonst wiirden unmaskierte Worte nicht
gelernt)

- 10% mit einem zufalligen Wort
(sonst kénnten die korrekten Worte leicht
auswendig gelernt werden — ohne Kontext)

- 10% mit dem korrekten Wort
(sonst wiirde das Modell lernen, dass die
Prediction niemals richtig ist)

Masked Loss

liebe

— BERT lernt die Sprache!
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Next Sentence Prediction (NSP)

Ich liebe Julia. Franz auch ¢ Es wird einfach trainiert, ob der 2 Satz logisch
korrekt auf den ersten folgt (binére
Klassifizierung).

— BERT lernt Dialoge!

Mask LM Mask LM

EE- G- 6

Masked Sentence A Masked Sentence B

Unlabeled Sentence A and B Pair

Pre-training

NSP  MaskLM Start/End Span
=

Masked Sentence A Masked Sentence B Question f Paragraph
Unlabeled Sentence A and B Pair Question Answer Pair
Pre-training Fine-Tuning

MNLI: Multi-Genre Natural Language Inference Corpus (Williams et al., 2018): crowd- sourced
collection of sentence pairs with textual entailment annotations.

NER: Language-Independent Named Entity Recognition; Named entities are phrases that contain the
names of persons, organizations, locations, times and quantities.
https://www.clips.uantwerpen.be/conl12003/ner/

SQuAD: Stanford Question Answering Dataset: reading comprehension dataset, consisting of questions
posed by crowdworkers on a set of Wikipedia articles, where the answer to every question is a
segment of text, or span, from the corresponding reading passage, or the question might be
unanswerable. https://rajpurkar.github.io/SQuAD-explorer/



279 Vorlesung Deep Learning, A. Dominik, THM

Pretrained BERT

https://github.com/google-research/bert

The links to the models are here (right-click, 'Save link as..." on the name):

* BERT-lLarge, Uncased (Whole word Masking) : 24-layer, 1024-hidden, 16-heads, 340M parameters

BERT-Large, Cased (Whole Word Masking) : 24-layer, 1024-hidden, 16-heads, 340M parameters

« BERT-Base, Uncased : 12-layer, 768-hidden, 12-heads, 110M parameters

« BERT-large, Uncased :24-layer, 1024-hidden, 16-heads, 340M parameters

« BERT-Base, Cased : 12-layer, 768-hidden, 12-heads , 110M parameters

« BERT-large, Cased :24-layer, 1024-hidden, 16-heads, 340M parameters

« BERT-Base, Multilingual cased (New, recommended) : 104 languages, 12-layer, 768-hidden, 12-heads, 110M
parameters

« BERT-Base, Multilingual Uncased (Orig, not recommended) (Notrecommended, use Multilingual

cased instead): 102 languages, 12-layer, 768-hidden, 12-heads, 110M parameters

« BERT-Base, Chinese : Chinese Simplified and Traditional, 12-layer, 768-hidden, 12-heads, 110M parameters
Each .zip file contains three items:

« ATensorFlow checkpoint ( bert_model.ckpt ) containing the pre-trained weights (which is actually 3 files).
« Avocab file ( vocab. txt ) to map WordPiece to word id.
« Aconfig file ( bert_config.json ) which specifies the hyperparameters of the model.

Cross-lingual BERT

Vanilla Transformer: 3 x Attentionmatrix pro Layer

EN/EN

Positional Posttional
Encoding Encoding

Input Outout
Embsfddmg Embedding DE/DE

BERT: 1 x Attentionmatrix pro Layer

o

)

Positional
Encoding

TnpUt
Embedding
t

DE




Kapitel 12. Transformer - Attention is All you Need 280

BERT: 1 x Attentionmatrix pro Layer

DE/DE
Posilional
Encoding
Tnout
Embedding
t
DE EN
osetng wn” ] [on]
4 + 4 +
I T
[ S S S SN S SR SR S S
oronsarge (1] s [ [oon] s [ome] [Ca] [ ] s o] [fona
o o] 0 [ 0 0 ] B 2 B G [
it [ [o] [=] [o] [o] (o] O] [&] o] [on] [l oo
Tsassontsmgnge B = =1
[N 4 *
I T
[ S S [ S S
oposargs (0] [wo] puse] posc] [owo] [en] [or] [won] foons] fwon] frrsn] [
e [0 [ E [ [ @ @ [0 E E & E
oo =] [=] [« [=] =] =] ] O] 0 [ O [
G. Lample, A. Conneau, Cj Lij I L ‘Model Pr ining, 33rd Conf on Neural

Information Processing Systems (NeurIPS 2019), Vancouver, Canada.

ALBERT
ALBERT: A Light BERT

Fragen:

*  Warum soll die Tiefe immer gleich der
Embedding-Tiefe sein?

> Vielleicht grofer? (Regularisieruung

des Embeddings)
Ganz > Entkoppeln!
viele!
> Hidden Size >> Embedding
¢ Warum sollte die Attention in den Layers
unterschiedlich sein?
e
> Parameter sharing!
Encodng > Teilweise oder alle iiber alle Layer!

Input
@ > Zusétzliche Layer — keine
zusiatzlichen Parameter!
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Model Parameters  Layers Hidden Embedding  Parameter-sharing
base 108M 12 768 768 False
BERT large 334M 24 1024 1024 False
base 2M 12 768 128 True
large 18M 24 1024 128 True
ALBERT 4% 60M 24 2048 128 True
xxlarge 235M 12 4096 128 True

Z.Lan, M. Chen, S. Goodman, K. Gimpel, P. Sharma and R. Soricut,
ALBERT: A Lite BERT for Self-supervised Learning of Language Representations,
(2020) arXiv:1909.11942 [cs.CL]

Model  E_ Parameters | SQUADL.I _SQuAD20 MNLI SST2 RACE | Ave
ALBERT O 8™ 899829  80.1/778 829 915 667 | 813
ol s som 89.9/828  803/773 837 915 679 | 817
notehared 256 93M 90.2/832 8037774 841 919 673 | 818
768 10SM | 90.4/832  804/77.6 845 928 682 | 823

ALBERT O 10M S87BL4  775/748 808 894 635 | 790
el 128 1M 89.3/823 8007771 816 903 640 | 80.l
allahared 256 16M 88.88L5  79.1/763 815 903 634 [ 796
768 3IM | 88.6/815 79766 820 906 633 | 798

Table 3: The effect of vocabulary embedding size on the performance of ALBERT-base.

Z.Lan, M. Chen, S. Goodman, K. Gimpel, P. Sharma and R. Soricut,
ALBERT: A Lite BERT for Self-supervised Learning of Language Representations,
(2020) arXiv:1909.11942 [cs.CL]
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12.7  Transformer fiir Computer Vision

An image is worth 16x16 words

Alexey Dosovitskiy, Intel Labs Miinchen

M

A. Dosovitskiy, L. Beyer, A. Kolesnikov, D. Weissenborn, X. Zhai, Th.
Unterthiner, M. Dehghani, M. Minderer, G. Heigold, S. Gelly, J. Uszkoreit and N.
Houlsby, An Image is Worth 16x16 Words: Transformers for Image Recognition at
Scale, arXiv:2010.11929 [¢s.CV]
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Houlsby, An Image is Worth 16x16 Words: Transformers for Image Recognition at
Scale, arXiv:2010.11929 [cs.CV]

Vision Transformer (ViT) Transformer Encoder

Transformer Encoder

| |
- B OLE 0 ) Do) )

Linear Projection of Flattened Patches |

22 Sdmhdudk

Multi-Head
Attention

[ I}

Norm

[ease] embedding

Embedded
Parches

Figure 1: Model overview. We split an image into fixed-size patches, linearly embed each of them,

add position embeddings, and feed the resulting sequence of vectors to a standard Transformer

encoder. In order to perform classification, we use the dard approach of adding an extra learnable

“classification token™ to the sequence. The illustration of the Transformer encoder was inspired by
7).

A. Dosovitskiy, L. Beyer, A. Kolesnikov, D. Weissenborn, X. Zhai, Th.
Unterthiner, M. Dehghani, M. Minderer, G. Heigold, S. Gelly, J. Uszkoreit and N.
Houlsby, An Image is Worth 16x16 Words: Transformers for Image Recognition at
Scale, arXiv:2010.11929 [¢s.CV]
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Vision Transformer matches or outperforms state-of-the-art CNNs on popular benchmarks. Left:

Popular image classification tasks (ImageNet, including new validation labels Real,, and CIFAR, Pets,

and Flowers). Right: Average across 19 tasks in the VTAB classification suite
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Vergleichbare Filter!

Alexnet 1st conv filters ViT 1st linear embedding filters

RGB embedding filters
(first 28 principal components)

Die Attention zeigt, wie die Entscheidung zustandekommt

Model Layers Hiddensize D MLP size Heads Params
ViT-Base 12 768 3072 12 86M

ViT-Large 24 1024 4096 16 307M
ViT-Huge 32 1280 5120 16 632M

¢ Trainiert ab 14 M Trainingsbilder

Fazit:
¢ Langes Training
¢ Viele Trainingdaten
*  Super einfach

e Self-supervised
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¢ Einfach (Linear und Dense)
*  Grof (Switch-Transformer: >>10’ Params)

e self-supervised (statt plump supervised)
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