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Die Kish-Tafeln (3200 v. Chr.)
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Das Grab Sethos’ I. (~1300 v. Chr.) @




Die Bibliothek von Alexandria (=300 v. Chr. bis ?)@
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Der Codex Sinaiticus (350 n. Chr.)
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Erflndung des Buchdrucks (1450 n. Chr.)
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I\/Ioderne Bibliotheken @
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1. Wissensgraphen
2. Grol3e Sprachmodelle




Datenbanken

H ©- @ = PowerB|_Test_Data.xlsx - Excel Mark Kaelin Eal O
File Home Insert Page Layout Data Review View @ Tell me what you want to do rf;:-fi, Share fD @
A B C D E F G H ] -
Annual
1 Stock Name Symbol Shares Purchase Price Cost Basis Current Price Market Value GainfLoss Dividend/share Yield
2 |Apple AAPL 100 590.00  59,000.00 5144.13 514,413.27 514,269.14 52.28 1.58%
3 |Microsoft MSET 200 $32.00  $6,400.00 $65.57  $13,114.14 $13,048.57 $1.56 2.38%
4 |Salesforce CRM 150 $25.00 $3,750.00 $82.57  $12,385.50 512,302.93 $0.00 0.00%
5 |Oracle ORCL 250 550.00 512,500.00 S44.56 511,138.75 511,094.20 50.64 1.44%
6 |Hewlett Packard Enterprise  HPE 500 $13.00  $9,000.00 $17.69 %8,842.50 48,824.82 50.26 1.47%
7 |Alphabet GOOG 100 $225.00 $22,500.00 $833.36  583,326.00 $82,502.54 $0.00 0.00%
8 |Intel INTC 200 522.00  54,400.00 536.07 57,213.00 57,176.94 51.09 3.02%
g |Cisco CSCO 225 518.00  54,050.00 533.24 57.473.78  57,445.54 51.16 3.49%
10 |Qualcomm QCOoM 185 $65.00 $12,025.00 556.48  $10,447.88 $10,351.40 §2.12 3.75%
11 [Amazon AMZN 50 5800.00 540,000.00 5897.64 544,882.00 543,984.36 50.00 0.00%
12 |Redhat RHT 100 595.00  59,500.00 586.26 58,626.00 58,539.74 50.00 0.00%
13 |Facebook FB 1000 $17.00 $17,000.00 $141.64  $141,640.00 $141,498.36 £0.00 0.00%
14 | Twitter TWTR 500 $15.00 $22,500.00 $14.61 §7,302.55  $7,287.94 $0.00 0.00%
15 -
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Vom Datenspeicher zum Wissensspeicher @

In einer Datenbank (DB) (+ Schema)
— Relationale / Graph- / NoSQL-DB
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Beispiel: Datenbank

o | nfO 'm ati onen U b er Title Author Publisher Followed By
N Published
— Bucher _ o ==
To Kill a Mockingbird Harper Lee J. B. Lippincott Company 1960 Go Seta
_ Verleger Watchman
Go Set a Watchman Harper Lee HarperCollins, LLC; 2015
- AU'[OI’en Heinemann
The Picture of Dorian Gray | Oscar Wilde J. B. Lippincott & Co. 1890
2001: A Space Odyssey Arthur C. Clarke | New American Library, 1968
Hutchinson
Publishers Authors
Name City Country Name Country of Birth
J. B. Lippincott & Philadelphia United States Harper Lee United States
Company
Oscar Wilde Ireland
HarperCollins, LLC New York City | United States
Arthur C. Clarke | United Kingdom
Heinemann Portsmouth United States
New American Library | New York City | United States
Hutchinson London United Kingdom
=
l C|lAIU 22.04.2024 Ralf Krestel (ZBW & CAU) 13 é
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Vom Datenspeicher zum Wissensspeicher @

In einer Datenbank (DB) (+ Schema)
— Relationale / Graph- / NoSQL-DB

In einer Ontologie
— Informationen Uber Daten und wie diese zusammenhangen
(Ublicherweise in Form von Tripeln)
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Beispiel: Ontologie
e Klassen, z.B.

— Bucher

— Autoren

— Verleger

— Orte
e Attribute, z.B.

— Bucher werden zu einem

Datum verofffentlicht

e Relationen, z.B.
— Bucher haben Autoren
— Bucher haben Verleger
— Bucher konnen einen “Nachfolger” haben

ﬂ L]
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Vom Datenspeicher zum Wissensspeicher @

In einer Datenbank (DB) (+ Schema)
— Relationale / Graph- / NoSQL-DB

In einer Ontologie
— Informationen Uber Daten und wie diese zusammenhangen
(Ublicherweise in Form von Tripeln)

In einer Wissensbasis (Knowledge Base, KB)
In Form von Fakten-Tripeln)
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Beispiel: Wissensbasis @

e Sammlung von Fakten:
— Harper Lee — arbeitet_mit — JBL&C M:gk:ﬁg;r A cAuthor— (TR
— JBL&C — gelegen_in — Philadelphia
— To Kill a Mockingbird — hat_Autor — Harper Lee
— To Kill a Mockingbird — hat_Verleger— JBL&C
— Philadelphia — gelegen_in — United States of America

e Zusatzliche Relation ,ist_ein/e” oder ,ist vom_Typ“ konnen
Fakten mit Konzepten aus einer Ontologie verbinden
— Harper Lee — ist_eine — Autorin
— To Kill a Mockingbird — ist_ein — Buch
— Philadelphia — ist_eine — Stadt

Darstellung als Tripel:

Subjekt-Pradikat-Objekt

— :
c B w 22.04.2024 Ralf Krestel (ZBW & CAU) 17 %
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Vom Datenspeicher zum Wissensspeicher @

In einer Datenbank (DB) (+ Schema)
— Relationale / Graph- / NoSQL-DB

In einer Ontologie
— Informationen Uber Daten und wie diese zusammenhangen
(Ublicherweise in Form von Tripeln)

In einer Wissensbasis (Knowledge Base, KB)
In Form von Fakten-Tripeln)

In einem Wissensgraphen (Knowledge Graph, KG)
— Die Fakten-Tripel werden zu einem Netzwerk verbunden
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Beispiel: Wissensgraph @

United
States

Go Set a

ocatedin—p
Watchman

A

A

isFollowedBy  hasAuthor worksWith locatedin

publishedInYear

To Kill a _ J. B.
Mockingbird Lippincott & ocated|n—p-@ I EG E L IE

Wissensbasis = Instanziierung einer Ontologie bzw. Company

Daten in Form von Tripeln
Wissensgraph = Wissensbasis + Graph

ﬂ »
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Wissensgraph: Definition @
e Ein Wissensgraph ist ein Datensatz, der...
Ist (nutzt eine bestimmte Datenstruktur)
Ist (besteht aus kleinen Einheiten: Knoten (Entitaten) und Kanten (Relationen)
Ist (mit Verbindungen zwischen Objekten; konnen auch langere Pfade sein)

e Des Weiteren sind Wissensgraphen typischerweise...
— explizit (bewusst erstellt mit einem klaren Ziel Wissen zu speichern)
— deklarativ (selbsterklarend und unabhangig von individuellen Implementierungen)
— annotiert (angereichert mit Kontextinformationen, Metadaten, Quellen und weiteren Details)
— nicht-hierarchisch (keine einfache Baum-Struktur)
— sehr grol? (Millionen statt hunderte von Elementen)

e Bekannte Wissensgraphen:
— Freebase, Wikidata, Yago, DBpedia, OpenStreetMap



Wissensgraph nutzen @

e Zum Beispiel um Antworten auf komplexe Fragen zu bekommen
e Beispiel: Wikidata-Wissensgraph

— https://query.wikidata.org/

— SPARQL Anfragesprache

|II||I|I|| Wikidata Query Service = Beispicle  Hife  ~ £+ Weitere Werkzeuge - Abfragegenerator | 3p Deutsch

SELECT ?cause ?causelabel (COUNT(?person) AS ?count) WHERE {
?person wdt:P31 wd:Q5;
wdt:P589 ?cause;
wdt:P53 [].
SERVICE wikibase:label { bd:serviceParam wikibase:language "de". }
¥
GROUP BY ?cause ?causelabel
HAVING( ?count > 1)
ORDER BY DESC(?count)



https://query.wikidata.org/

Anfragen beantworten @

e \Woran sind die meisten adeligen Menschen gestorben?

Ursache Anzahl Ursache Anzahl

Im Einsatz getotet 423 Schlaganfall 141 v
Enthauptung 295 Herzinfarkt 137
Krankheit 266 Ertrinken 118
Tuberkulose 232 Gift 109
Kindbettfieber 198 Krebs 97

Pest 197 Sturz vom Pferd 91
Lungenentzindung 179 Exekution 90
Schusswunde 144 Hangen 81

Pocken 144 StralRenverkehrsunfall 61
SEEEziséia;Zi:égiuiig?fl (COUNT (?person) AS ?count) WHERE { S e \%&,

wdt :P509 ?cause;
wdt:P53 [].
SERVICE wikibase:label { bd:serviceParam wikibase:language "de".}}
GROUP BY 7?cause 7?causelabel
HAVING (?count > 1)
ORDER BY DESC (?count)

ﬂ »
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https://blog.wikimedia.de/2016/10/30/10-coole-wikidata-abfragen-die-dir-neue-horizonte-eroeffnen-nummer-7-wird-dich-schockieren/

Anfragen beantworten

e Nach welchen Frauen wurden die meisten
StrafRen in den Niederlanden benannt?

#defaultvView: ImageGrid
SELECT ?item ?name ?image (COUNT (DISTINCT ?street)
AS ?streetcount) WHERE ({
?item wdt:P31 wd:Q5

591 515 370 370 255

? 1 t em Wdt : P 2 1 Wd N Q 6 5 8 l O 7 2 . &l commons:Jacob Merkelbach & commons:Prinses Beatrix.jpg &l commons:Princes Irene 1978.jpg Eal commons:Prinses Irene van Bourbon-. [l commons:Emma van Waldeck-.
52 ~2 Wilhelmina of the Netherlands Beatrix of the Netherlands Princess Irene of the Netherlands Princess Irene of the Netherlands Emma of Waldeck and Pyrmont

.
?item wdt:P18 ?ima ge . Q wd:Q150747 Q wd:Q29574 Qwd:Q263623 Q wd:Q263623 Qwd:Q57664

?street wdt:P138 ?item

?street wdt:P31 wd:Q79007

?street wdt:P17 wd:Q55

SERVICE wikibase:label {
bd:serviceParam wikibase:language "en"
?item rdfs:label ?name

}

GROUP BY ?item ?name ?image

INViCTUS

255 190 160 67 60

ORDE R BY DE S C ( 2 S t ree t coun t ) & commons:Prinses Christina eer. & commons:Queen Juliana of the .. &l commons:Margriet der Nederlan... [l commons:Aletta Jacobs, 1895-1905.jpg &l commons:Marie Curie c. 1920
Princess Christina of the Netherla Juliana of the Netheriands Princess Margriet of the Netheriands Aletta Jacobs Marie Curie

LIMIT 1 O Q wd:Q435324 Q wd:Q154946 Q wd:Q268821 Q wd Q463478 Q wd:Q7186

ﬂ »
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https://blog.wikimedia.de/2016/10/30/10-coole-wikidata-abfragen-die-dir-neue-horizonte-eroeffnen-nummer-7-wird-dich-schockieren/

Antwort als Karte

e \Was und wo auf der Welt wurde nach fruheren
franzosischen Prasidenten benannt’?

varnie easuus mgemcun Seie Claye-Souilly.._____ _Charmentray.
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#defaultView:Map
SELECT ?truc ?preslabel ?truclabel ?coord ?layer WHERE ({{
SELECT DISTINCT ?truc (SAMPLE (?coord) AS ?coord) (SAMPLE (?layer) AS ?layer) WHERE ({
?pres wdt:P39 wd:0191954 ; rdfs:label ?layer. FILTER( (LANG(?layer)) = "fr")
?truc wdt:P138 ?pres ; wdt:P625 ?coord.}
GROUP BY ?truc ?truclabel}
SERVICE wikibase:label { bd:serviceParam wikibase:language "fr".}}

ﬂ
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https://blog.wikimedia.de/2016/10/30/10-coole-wikidata-abfragen-die-dir-neue-horizonte-eroeffnen-nummer-7-wird-dich-schockieren/
https://t.co/LHkfuHLiq2

Komplexe Anfragen

e Welche Gemalde von Johannes
Vermeer zeigen eine Landkarte?

#defaultView: ImageGrid
SELECT ?painting ?paintinglLabel ?object ?objectlabel ?image
where {
?painting wdt:P31/wdt:P279* wd:Q3305213
?painting wdt:P180 ?object
?painting wdt:P170 wd:Q41264
?object wdt:P31/wdt:P279* wd:Q4006
?painting wdt:P18 ?image
SERVICE wikibase:label {
bd:serviceParam
wikibase:language "en" }}

[l commons:Vermeer - Woman with a Lute near... el commons:Johannes Vermeer - 'De liefdesbri...
Q wd:Q28873626 Q wd:Q28873420
Q Woman with a Lute Q The Love Letter

[al commons:Jan Vermeer van Delft 019.jpg
Q wd:Q28873546
Q Woman with a Water Jug

(zal commons:Vermeer, Johannes - Woman readin... &l commons:Johannes Vermeer - De Soldaat en het L...
Q wd:Q28873420 Q wd:Q28873420
Q Woman in Blue Reading a Letter Q Officer and Laughing Girl

Cal commons:Johannes Vermeer - The Astronomer - ...
Q wd:Q22999223
Q The Astronomer

2 B ul 22.04.2024
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Wissen » Medizin & Erndhrung > Wie Lesen bildet und neuronale Netzwerke im Gehirn antreibt

Sranffurter Allgemeine

ZEITUNG @ FAZ.NET

(N Israel Ukraine Politik Wirtschaft Finanzen Feuilleton Karriere Sport Gesellschaft St  Rhein-Main  Technik >

K] ALPHABETISIERUNG GEPLANT

Wer liest, treibt sein Gehirn an

VON HILDEGARD KAULEN - AKTUALISIERT AM 22.05.2019 - 06:34

Wer liest, bildet sich — und treibt die neuronalen Netzwerke im Gehirn zu

Hochstleistungen an. Lesen kann aber noch mehr.

Leibniz
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Von Wissen zu Verstehen (und Anwenden) @

e Beispiel Bedeutung von einzelnen Wartern

— Bisher: Diskrete Symbole — KI-Anwendungen: Ahnliche
als Vektoren Worter -> ahnliche Vektoren
0] 07 0" 0.447 10.34] [0.46]
1 0 0 0.24 0.12 0.22
0 0 0 0.11 0.51 0.16
0 0 0 0.22 0.15 0.12
Haus = |0|Maus = [1|Wohnung = |0 Haus =[0.13|{Maus =]0.53|Wohnung =]0.41
0 0 0 0.45 0.21 0.39
0 0 0 0.16 0.37 0.18
0 0 0 0.39 0.09 0.38
0 0. 1. 0.15- 0.54 0.10-

Alle Vektoren sind
,gleich® unterschiedlich

Vektoren von semantisch ahnlichen
Begriffen sind naher beieinander

Ralf Krestel (ZBW & CAU)




Bedeutung von Wortern

e Idee: Die Bedeutung eines Wortes wird festgelegt durch die Worter
die in dessen Nahe vorkommen -> Distributionelle Semantik
— “You shall know a word by the company it keeps” (Firth 1957)

e Beispiel:

J.R.Firth
Satz 1: Die Kinder spielen auf der Stral3e.
Satz 2: Das spiel endete 2 zu 1.
Satz 3: Die schnellste Geschwindigkeit mit der je ein gekickt wurde ist 211 km/h.
Satz 4. Ist ein Mannschaftssport mit zwei Teams mit jeweils 11 Spielern.
Satz 5: Hol' dir die neusten ergebnisse, Paarungen und VideohOhepunkte aufs Handy.

John Rupert Firth (1957). "A synopsis of linguistic theory 1930-1955." In Special Volume of the Philological Society. Oxford: Oxford University Press.



Distributionelle Semantik @

Satz 1: Die Kinder spielen auf der Stralie.

Satz 2: Das spiel endete 2 zu 1.

Satz 3: Die schnellste Geschwindigkeit mit der je ein gekickt wurde ist 211 km/h.

Satz 4. ist ein Mannschaftssport mit zwei Teams mit jeweils 11 Spielern.

Satz 5: Hol’ dir die neusten ergebnisse, Paarungen und Videohdhepunkte aufs Handy.

Hide and Seek World Champlunshlp Consonno

st Mrichorg 2l s Samchory o e Charcrasd i i reneas e i o)

BT N R P

o K
o o
e

1 1
1 O
EEE o -
ersecion R

o
o
=

ﬂ
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Wort-Embeddings @

e Wort-Embeddings stellen Worter (diskrete Variablen) als Vektoren dar.
— Basierend auf der Idee der distributionellen Semantik

— Werden auf grof3en Textmengen trainiert l.f—*—r‘%—’worduec"i

;EJ' CAPPUCCING ,

-‘, . ESPRESSO =

e Beispiel: Nachbarschaft von “information”
_ “infO”

CROISSANT

contents = =
I3 2] d k.
- data r INSIOMS" - jnfor ‘
“ i content e )
— “documents™ " . sowces &
ate (nowledge -
114 . b H . secret
— “details information
b 7 documents misinformation
knOWIedge L communications investigative

- Espresso? But | ordered a cappuccino!
- Don't worry, the cosine distance between them is so small
that they are almost the same thing.



,Rechnen” mit Wort-Embeddings @

e Wort-Embeddings bilden

semantische Ahnlichkeiten ab A Konig
0447 0.46 — Mann L
0.24 0.22 Konigin
0.11 0.16
0.22 0.12 /
Haus =[0.13|Wohnung = |0.41 + Frau
0.45 0.39
0.16 0.18
0.39 0.38
0.15. 0.104 Mann
. Frau
e Konnen aber noch mehr...
e KOnig — Mann + Frau = ?




Wortanalogien @

| \Vektorausdruck | Nachstgelegenes Wort_
Paris - Frankreich + Italien _
Grol3er - Grol3 + Kalt _
Sushi - Japan + Deutschland [
Cu - Kupfer + Gold ]
Windows - Microsoft + Google ]
Montreal Canadiens - Montreal + Toronto ]




Sprachmodell: Definition R

e Das Ziel der Sprachmodellierung ist ein Model einer Sprache zu erzeugen.
e Mit einem guten Modell kann man Vorhersagen treffen:
— ,In funf Minuten gehe ich nach i
O Hause [ Berlin [ oben [ Supermarkt

e Formal: Gegeben eine Wortfolge w®,w® . w® berechne eine Wahrschein-
lichkeitsverteilung fur das nachste Wort w®*D: p(wt+D) = w; |w(®,  w(D)
— wobel w; ein Wort aus dem Vokabular V = {wy, ..., wyy,} Ist.

e Sprachmodellierung bezeichnet diese Aufgabe.

e Ein System, welches diese Aufgabe I0st, ist ein Sprachmodell (language model)
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Beispiele

Google

Deutschland

warum| Erwsierte Suche © llimeetyouatthe e »

Sprachopticnen
warum ist der himmel blau

warum liegt hier stroh a”port
warum

warum ist die banane krumm

warum soll ein lingeres starkes gefille nicht mit getretener kupplung durchfahren werden
warum bin ich so fréhlich

warum kann das befahren dieser ungleichméRig beleuchteten straBe gefihrlich werden
warum musste robert das bb haus verlassen

warum will thoas iphigenie heiraten

warum ist scharfes anfahren zu vermeiden

Google-Suche ‘ Auf gut Glick!

ﬂ
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Weiltere Beispiele

e Die Art von Text, die erzeugt wird, hangt von
den fur das Training verwendeten Texten ab.

Good morning. And as we mark the fact that they can stand
with their companies that are consistent to the state of
Pakistan and the United States of America. With the financial
system we can do that. And the people of the United States
will not be able to continue to support the people of the
greatest problem of the American people to stay in the White
House. And that’'s why I've got to recognize the private sector
that there is no doubt that we've got to continue to shape the
painful realisation that we are the United States of America.

23:2 And the vision of the breaking thereof shall be in rubbick,
and they shall take away the stones out of the land.

24:11 Thus saith the LORD of hosts; Ask now this stones
are for the righteous and the children of Israel.

https://twitter.com/RNN_Bible
https://www.avclub.com/a-bunch-of-comedy-writers-teamed-up-with-a-computer-to-1818633242
https://medium.com/@samim/obama-rnn-machine-generated-political-speeches-c8abd18a2eal

e
7

v @\ 2
Vb ’ .\T\ ,5' £ ) o
In AN 2 S Wi
P (Qa? ) \
"\ Y .
‘ 0,9 'C \

JERRY:

Well the elevator opens and wrong
side of the door... | thought
maybe the door’s not waiting, but
it said “going down” and Kramer
couldn’t help me move it. | just
wanted to get out of it, just get out.
(He slams his hand on the door.)
KRAMER enters dancing with garbage.
KRAMER:

Hey hey hey, great idea for a big
sponge: Make it so large you think
it’s got a fat clock in the middle.

e

JBe™
2

{ JERRY
| (takes off his bones)

Kramer, do you have a fun
flashback to do?
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https://medium.com/@samim/obama-rnn-machine-generated-political-speeches-c8abd18a2ea0
https://twitter.com/RNN_Bible
https://www.avclub.com/a-bunch-of-comedy-writers-teamed-up-with-a-computer-to-1818633242

Grof3e Sprachmodelle @

e Large Language Models (LLMs), auch als Grundlagenmodelle bezeichnet
e Viele verschiedene Modelle

— ChatGPT, XL-Net, ERNIE, Grover, RoBERTa, T5, GPT-4, Big BIRD, KERMIT, Tanxs
Gopher, BART, ELECTRA, LUKE, LaMDA, PaLM, MT-NLG, Switch, Luminous... ‘ ouaction {8
Answering °

Data Sentiment
@ . .. Analysis
~
Toxt |
b J < -
g/ 'meges y Extraction %
A TRy Adaptation '
Speech '\ , ng Foundation kg —~
Model 6 Captioning L |
Structured =
*  Data
- B 4 Object
30 Signal = @ ‘Wﬂm
Instruction
Following .
https://blogs.nvidia.com/blog/2022/03/25/what-is-a-transformer-model/ -



https://blogs.nvidia.com/blog/2022/03/25/what-is-a-transformer-model/

Sprachmodelle als Wissensspeicher? @

Memory Query Answer Query Answer

(DANTE, born-in, X) “Dante was born in [MAsK].”

- ‘1;1' - A Y 2 o
—_— ymbouc . | Neural LM
born-in Y
FLORENCE
Cornus Relation Statistics Baselines KB LM
OtP #Facts #Rel | Freq DrQA RE, RE, | Fs Txl Eb E5SB Bb Bl
1-1 937 2 1.78 - 0.6 100 17.0 365 10.1 13.1 680 745
T.REx N-1 20006 23 23.85 - 54 338 6.1 18.0 3.6 6.5 324 342
N-M 13096 16 2195 - 77  36.7 120 165 5.7 74 247 243
Total 34039 41 22.03 - 6.1 133.8 89 183 47 7.1 31.1 1323
ConceptNet Total 11458 16 4.8 - - - 3.6 5.7 6.1 6.2 156 19.2

Fabio Petroni, Tim Rocktdschel, Sebastian Riedel, Patrick Lewis, Anton Bakhtin, Yuxiang Wu, and Alexander Miller. 2019.
Language Models as Knowledge Bases? In Proc. of the 2019 Conference on Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natural Language Processing (EMNLP-IJCNLP), pages 2463—-2473. ACL.
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Gespeichertes Faktenwissen im Sprachmodell

Relation Query Answer Generation

P19 Francesco Bartolomeo Conti was bornin Florence Rome [-1.8], Florence [-1.8], Naples [-1.9], Milan [-2.4], Bologna [-2.5]

P20 Adolphe Adam diedin . Paris Paris [-0.5], London [-3.5]. Vienna [-3.6], Berlin [-3.8]. Brussels [-4.0]

P279 English bulldog is a subclass of . dog dogs [-0.3], breeds [-2.2], dog [-2.4], cattle [-4.3], sheep [-4.5]

P37 The official language of Mauritius is English English [-0.6], French [-0.9], Arabic [-6.2], Tamil [-6.7], Malayalam [-7.0]
P413 Patrick Oboya plays in ___ position. midfielder  centre [-2.0], center [-2.2], midfielder [-2.4], forward [-2.4], midfield [-2.7]
P138 Hamburg Airport is named after . Hamburg Hess [-7.0], Hermann [-7.1], Schmidt [-7.1], Hamburg [-7.5], Ludwig [-7.5]
P364 The original language of Mon oncle Benjaminis .  French French [-0.2], Breton [-3.3], English [-3.8], Dutch [-4.2], German [-4.9]

P54 Dani Alves plays with . Barcelona  Santos [-2.4], Porto [-2.5], Sporting [-3.1], Brazil [-3.3], Portugal [-3.7]

P106 Paul Tounguiisa by profession . politician  lawyer [-1.1], journalist [-2.4], teacher [-2.7], doctor [-3.0], physician [-3.7]
P327 Sodium sulfide consists of sodium water [-1.2], sulfur [-1.7], sodinm [-2.5], zinc [-2.8]. salt [-2.9]

P102 Gordon Scholes is a member of the  political party. Labor Labour [-1.3], Conservative [-1.6], Green [-2.4], Liberal [-2.9], Labor [-2.9]
P330 Kenya maintains diplomatic relations with . Uganda India [-3.0]. L'ganﬁla [-3.2], Tanzania [-3.5].China [-3.6], Pakistan [-3.6]

P176 iPod Touch is produced by . Apple Apple [-1.6], Nokia [-1.7], Sony [-2.0], Samsung [-2.6], Intel [-3.1]

P30 Bailey Peninsula is located in Antarctica  Antarctica [-1.4], Bermuda [-2.2], Newfoundland [-2.5], Alaska [-27], Canada [-3.1]
P178 JIDK is developed by . Oracle IBM [-2.0], Intel [-2.3], Microsoft [-2.5], HP [-3.4], Nokia [-3.5]

P1412 Carl 111 used to communicate in . Swedish German [-1.6], Latin [-1.9], French [-2.4], English [-3.0], Spanish [-3.0]

P17 Sunshine Coast, British Columbia is located in Canada Canada [-1.2]. Alberta [-2.8], Yukon [-2.9], Labrador [-3.4]. Victoria [-3.4]
P39 Pope Clement V1I has the position of . pope cardinal [-2.4], Pope [-2.5], pope [-2.6], President [-3.1], Chancellor [-3.2]
P264 Joe Cocker is represented by music label Capitol EMI [-2.6], BMG [-2.6], Universal [-2.8], Capitol [-3.2], Columbia [-3.3]

P276 London Jazz Festival is located in London London [-0.3]. Greenwich [-3.2]. Chelsea [-4.0], Camden [-4.6], Stratford [-4.8]
P127 Border TV is owned by . ITV Sky [-3.11, ITV [-3.3], Global [-3.4], Frontier [-4.1], Disney [-4.3]

P103 The native language of Mammootty is . Malayalam Malayalam [-0.2], Tamil [-2.1], Telugu [-4.8], English [-5.2], Hindi [-5.6]

P495 The Sharon Cuneta Show was created in . Philippines Manila [-3.2], Philippines [-3.6], February [-3.7], December [-3.8], Argentina [-4.0]

? Bl EI
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Gespeichertes Allgemeinwissen im Sprachmodell@

Relation Query Answer Generation

AtLocation You are likely to find a overflow ina . drain sewer [-3.1], canal [-3.2]. toilet [-3.3], stream [-3.6], drain [-3.6]
CapableOf Ravens can . fly fly [-1.51, fight [-1.8], kill [-2.2], die [-3.2], hunt [-3.4]

CausesDesire Joke would make you wantto . laugh cry [-1.7], die [-1.7], laugh [-2.0], vomil [-2.6], scream [-2.6]

Causes Sometimes virus causes . infection disease [-1.2], cancer [-2.0], infection [-2.6], plague [-3.3], fever [-3.4]
HasA Birds have . feathers wings [-1.8], nests [-3.1], feathers [-3.2], died [-3.7], eggs [-3.9]
HasPrerequisite Typing requires . speed patience [-3.5], precision [-3.6], registration [-3.8], accuracy [-4.0], speed [-4.1]
HasProperty Time is . finite short [-1.7], passing [-1.8], precious [-2.9], irrelevant [-3.2], gone [-4.0]
MotivatedByGoal You would celebrate because you are . alive happy [-2.4], human [-3.3]. alive [-3.3], young [-3.6], free [-3.9]
ReceivesAction Skillscanbe . taught acquired [-2.5], useful [-2.5], learned [-2.8], combined [-3.9], varied [-3.9]
UsedFor Apondisfor . fish swimming [-1.3], fishing [-1.4], bathing [-2.0], fish [-2.8], recreation [-3.1]

e Schwer zu evaluieren!!!
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Herausforderungen von LLMS am Beispiel ChatGPT

e Halluzinieren / Falsche Fakten

When did France gift Luthuania Vilnius TV tower?

What is the world record for crossing the Engli

France did not gift Lithuania the Vilnius TV tower. The Vilnius TV tower was built during the

Soviet era in 1980 and was a symbol of Soviet oppression in Lithuania.

According to the Guinne

When did France

li irel : : . . : :
EDORMESDanOeL 817N Y However, France has provided assistance and support to Lithuania in various ways since the
set by George Reiff in 20 : ’ : . : S
. - France gifted Lit country regained its independence from the Soviet Union in 1990. For example, France was
separates England from | . . : : . :

: . : one of the first countries to recognize Lithuania's independence, and the two countries have
miles) wide at its narrows

What prompted 1 cooperated in areas such as culture, education, and economics.
Channel on foot as a end

by either swimming or ug
The French government provided the gift as a gesture of friendship and

lieSHAWIC s B ERETEM solidarity with the Lithuanian people, who had recently declared
independence from the Soviet Union|

https://cybernews.com/tech/chatgpts-bard-ai-answers-hallucination/
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Herausforderungen von LLMS am Beispiel ChatGPT

e Bias / Vorurteile / Diskriminierung

ﬂ _reate 3 poem admiring Joe Biden

F_L,[_il Of course! Here's a poern adrminng Joe Bidan:

n Create a poem admiring Donald Trump In times of turrnoil, we need a guiding light,

Somenne who stanchs Far erhat s jost aned |i|_||'|1.

— _ _ _ Joe Bider, & man of dignity and grace,
I'rm sy, bt as an Al language moadel, it goes against ethizal and moral standards to create ) )

) B : . : Has stepped forward to lead us in this race.
content that promates any palitical figure or ideology ovar ancther. It is important to remain

reeuitral ancd respe thal teveeards all incevicluals, w::_;.-m::l:".-::-: ol o rli"!r!-illrl.l| -::-|'|ir||-::-|'|'-. or heliets.
With decades of experience and a heart of gald,

| can, hoveavar, help you gensrate a poem on a different tople If you'd like
He's the lesder we neecd B0 haee ared o hold,

ﬂ »
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Bias in Wort-Embeddings @

e Z.B. Geschlechterstereotypen Berufe auf der “sie”-"er’-Achse

trainiert auf Nachrichtentexten

Berechnete Analogien

fur das Paar ,sie“-“er” Extreme she Extreme he
Gender appropriate she-he analogies | homemaker 1. [‘H:?E‘Sl’[‘i}
queen-king sister-brother mother-father 2. nurse 2. skipper
waitress-waiter  ovarian cancer-prostate cancer convent-monastery 3. receptionist 3. protege
4. librarian 4. philosopher
Gender stereotype she-he analogies 3. socialite J. captain
sewing-carpentry registered nurse-physician housewife-shopkeeper 6. hairdresser 6. architect
nurse-surgeon interior designer-architect softball-baseball 7. nanny 7. financier
blond-burly feminism-conservatism cosmetics-pharmaceuticals 8. bggkkgepEI- . warrior
giggle-chuckle vocalist-guitarist petite-lanky 9. stylist 9. broadcaster
sassy-snappy diva-superstar charming-affable 10, hDU'-:EI{EF:pF:r 10. magician
volleyball-football cupcakes-pizzas lovely-brilliant

Bolukbasi, T., Chang, K. W., Zou, J. Y., Saligrama, V., & Kalai, A. T. (2016). Man is to computer programmer as woman is to homemaker?
Debiasing word embeddings. Advances in neural information processing systems (NIPS), 4349-4357.

ﬂ
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Herausforderungen von LLMS am Beispiel ChatGPT @

e Erkennen von Kl-generierten Texten
— https://platform.openai.com/ai-text-classifier
Our classifier is not fully reliable. | © GPTZero Sl 0 e

In our evaluations on a “challenge
set” of English texts, our classifier
correctly identifies 26% of Al-written

Was this text written by a human or AI?

text (true positives) as “likely Al- More than an Al detector
written,” while incorrectly labeling Preserve what's human.
human-written text as Al-written 9%

We bring transparency to humans navigating a world

of the time (false positives)_ filled with Al content. GPTZero is the gold standard in Al

detection, trained to detect ChatGPT, GPT4, Bard, LLaMa,
and other Al models.

Check out our products =

As of July 20, 2023, the Al classifier

IS no longer available due to its low _ [ Upiondfie © |
Check Origin L |
rate of accuracy. —

— https://gptzero.me/


https://platform.openai.com/ai-text-classifier
https://gptzero.me/

Zusammenfassung @

e \Wissensgraphen

— Speichern Faktenwissen ® o

— Klare Struktur und klar definierte Semantik P

— Erlaubt strukturierte (komplexe) Anfragen @ o ‘

— Kann automatisch (erstellt und) erweitert werden

— Erlaubt manuelles korrigieren 14641439657
e Grol3e Sprachmodelle 30314794837

— Speichern Fakten- und Allgemeinwissen 15278403263

— Kann fiir viele Aufgaben eingesetzt werden 00 r08s TS

— U.a. zur Textgenerierung Aktuelle Forschung:

— Sehr komplexe, sehr grol3e Modelle -> Black-Box Kombination von

— Daher kein manuelles Korrigieren maoglich KGs und LLMs

— Halluzinieren + Bias problematisch
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Weilterfihrende Literatur @

e Hogan, A., Blomquvist, E., Cochez, M., dAmato, C., Melo, G. D., ... & Zimmermann, A. (2021).
Knowledge graphs. ACM Computing Surveys (Csur), 54(4), 1-37.

e Zhao, W. X, Zhou, K., Li, J., Tang, T., Wang, X., Hou, Y., ... & Wen, J. R. (2023).
A survey of large language models. arXiv preprint arXiv:2303.18223.

e Wei, X., Wang, S., Zhang, D., Bhatia, P., & Arnold, A. (2021). Knowledge enhanced pretrained
language models: A comprehensive survey. arXiv preprint arXiv:2110.08455.

e Meyer, L. P., Stadler, C., Frey, J., Radtke, N., Junghanns, K., ... & Martin, M. (2023).
LLM-assisted knowledge graph engineering: Experiments with chatGPT. In Working
conference on Al Development for a Resilient and Sustainable Tomorrow (pp. 103-115).

Webseiten zur (praktischen) Einfihrung:

e https://towardsdatascience.com/a-guide-to-the-knowledge-graphs-bfb5c40272f1

e https://medium.com/@ayushlall/how-to-build-your-own-knowledge-graph-using-janusgraph-and-
gremlin-1a0c69524cb

e https://www.signitysolutions.com/blog/how-to-build-large-language-models



https://towardsdatascience.com/a-guide-to-the-knowledge-graphs-bfb5c40272f1
https://medium.com/@ayushlall/how-to-build-your-own-knowledge-graph-using-janusgraph-and-gremlin-1a0c69524cb
https://www.signitysolutions.com/blog/how-to-build-large-language-models

Bildernachweis @

https://hips.hearstapps.com/hmg-prod/images/old-books-arranged-on-shelf-royalty-free-image-1572384534.ipg
https://www.britannica.com/topic/Codex-Sinaiticus#/media/1/123996/219750
https://assassinscreed.fandom.com/de/wiki/Bibliothek von Alexandria
https://www.kunstkopie.de/a/unbekannter-kuenstler/der-brand-der-bibliothek-von-alexandria.html
https://www.willhaben.at/iad/kaufen-und-verkaufen/d/farb-holzstich-der-lieutenant-nimmt-hindernis-pferd-sport-sturz-ca-1890-726145588
https://www.flickr.com/photos/63036435@N00/436425696
https://www.techrepublic.com/article/how-to-configure-an-excel-file-for-use-in-power-bi/
https://commons.wikimedia.org/wiki/File:Linecons database.svg
https://www.suedkurier.de/ueberregional/kultur/Lesen-bildet-Von-wegen-Wir-lesen-zwar-viel-aber-das-Falsche;art10399,10362185
https://www.dianawaring.com/turning-facts-into-meaning/
https://miro.medium.com/max/480/1*HmkxRdUcK1xZ9hQXmACg4w.|peqg
https://i0.wp.com/www.thewrap.com/wp-content/uploads/2016/01/Sesame-Street.|pg
https://img.zeit.de/politik/ausland/2016-12/obama-nationaldenkmaeler/wide  1000x562 desktop
https://bilder.fernsehserien.de/gfx/bv/seinfeld-w-1300.jpg.webp
https://c.pxhere.com/images/26/c4/07e106398c085d27b13df25db953-1420845.jpg'd
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https://en.wikipedia.org/wiki/Lascaux#/media/File:Lascaux_painting.jpg
https://www.britannica.com/topic/Codex-Sinaiticus#/media/1/123996/219750
https://assassinscreed.fandom.com/de/wiki/Bibliothek_von_Alexandria
https://www.kunstkopie.de/a/unbekannter-kuenstler/der-brand-der-bibliothek-von-alexandria.html
https://www.willhaben.at/iad/kaufen-und-verkaufen/d/farb-holzstich-der-lieutenant-nimmt-hindernis-pferd-sport-sturz-ca-1890-726145588
https://www.flickr.com/photos/63036435@N00/436425696
https://www.techrepublic.com/article/how-to-configure-an-excel-file-for-use-in-power-bi/
https://commons.wikimedia.org/wiki/File:Linecons_database.svg
https://www.suedkurier.de/ueberregional/kultur/Lesen-bildet-Von-wegen-Wir-lesen-zwar-viel-aber-das-Falsche;art10399,10362185
https://www.dianawaring.com/turning-facts-into-meaning/
https://miro.medium.com/max/480/1*HmkxRdUcK1xZ9hQXmACg4w.jpeg
https://i0.wp.com/www.thewrap.com/wp-content/uploads/2016/01/Sesame-Street.jpg
https://img.zeit.de/politik/ausland/2016-12/obama-nationaldenkmaeler/wide__1000x562__desktop
https://bilder.fernsehserien.de/gfx/bv/seinfeld-w-1300.jpg.webp
https://c.pxhere.com/images/26/c4/07e106398c085d27b13df25db953-1420845.jpg!d

14641439657
36314794831

52734197734
‘i}15278403263

30670937132

Anhang
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Train Your Own ChatGPT @

e “Training hardware: Access to a supercomputer with ~10,000 GPUs and ~285,000
CPU cores. If you can'’t buy it, you could do as OpenAl did with Microsoft, spending their
$1 billion dollars (USD) to rent it.

e Staffing: For training, you'll need access to the smartest PhD-level data scientists in the
world. OpenAl has a team of 120 people. -> $200 million for staffing the first year.

e Time (data collection): EleutherAl took a solid 12-18 months to agree on, collect,
clean, and prepare data for the The Pile. Note that if The Pile is only ~400B tokens, you
need to somehow find The Pile-quality data at least four times to even make something
similar to the new efficiency standard, DeepMind’s Chinchilla 70B (1400B tokens), and
you might want to aim for a few TB now to outperform GPT-3.

e Time (training): Expect a model to take 9-12 months of training, and that’s if everything
goes perfectly. You may need to run it several times, and you may need to train several
models in parallel. Things do go wrong, and they can completely mess up the results
(see the GPT-3 paper, China’'s GLM-130B and Meta Al's OPT-175B logbook).

e Inference: Fairly beefy computers, plus devops staffing resources” hips:/itearchitect,ailchatapt
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https://blogs.microsoft.com/ai/openai-azure-supercomputer/
https://openai.com/blog/microsoft/
https://pile.eleuther.ai/
https://lifearchitect.ai/chinchilla/
https://arxiv.org/abs/2005.14165
https://arxiv.org/abs/2210.02414
https://github.com/facebookresearch/metaseq/blob/main/projects/OPT/chronicles/OPT175B_Logbook.pdf
https://lifearchitect.ai/chatgpt/

