Generative K.l. im Studium



Large Language Models

Tokenization: Text wird in einzelne Silben/Worter/Satze zerlegt.
Word Embedding: Jedes Wort wird in einen (hochdimensionalen) Vektor umgewandelt.

Transformer: Jeder Transformer ist ein Neuronales Netz und verarbeitet einen Wortvektor
und gibt einen neuen Wortvektor aus.

Essence of Machine Learning, Grant Sanderson (3Blue1Brown)

Was ist Kiinstliche Intelligenz?, Die Maus

HM®



Zu beachten bei LLMs

- Kein Verstehen.
Kein Rechnen, keine Suchanfragen.
Kein Zugriff auf Trainingsdaten.
- Kein Speichern des Chatverlaufs. Nur Mitschicken.

"Haluzinationen."

HM®



Angebote

- ChatGPT: https://ai.lab.hm.edu

- GitHub/Microsoft Copilot: HM-Login

- Academic Cloud Chat Al, GWDG: HM-Login, diverse Modelle
- Perplexity.ai: Suchmaschine statt nur Chatbot

- Google NotebookLM, One Tutor: Angabe eigener Quellen

HM®



Output am besten nicht direkt verwenden

HM®

Falls doch: Mit Prof. absprechen. Kontrollieren. Klar angeben.

Recherche: Immer erst selbst recherchieren. Ggf. perplexity.ai o. A. verwenden.
Gefundene Quellen checken!

Text: Uberprifen, ob der Text bereits veroffentlicht wurde.

Code: Kann lizenzierten Code oder patentierte Algorithmen enthalten. Evtl. nicht
optimal. Vorsicht vor "falschen" Paketen!

Datenanalyse & -visualisierung: Besser nicht.

Bild: Rickwartssuche. Lieber fir lllustrationen, nicht fur wissenschaftliche
Diagramme.

Ubersetzungen: Inhalte Gberpriifen.



LLMs sind besser im Reagieren als im Agieren

= Besser fiir's Uberarbeiten als Erstellen. Und moglichst viel Kontext geben:
Rolle zuweisen & Aufgaben unterteilen.
Struktur, Format und Lange vorgeben.

- Prazise sein & ggf. Beispiele geben.

Formatieren.

- lterativ Losungen erstellen und evaluieren lassen.



Anwendung: In Hausaufgaben

Ziel von Hausaufgaben:

- den eigentlichen Inhalt verstehen

- Rechen- & Programmiermethoden trainieren

- Intuition gewinnen

- sich Lern- & Recherchestrategien aneignen

Losungen intensiv zu studieren ist Teil des Lernprozesses.

Entscheidend fur den Lernerfolg ist die Menge an Zeit, die man investiert.
Der Aufwand bei Ubungsaufgaben ist der Sinn der Ubungsaufgaben.

= generative Kl nur unterstitzend einsetzen.

HM®



Anwendung: Texte sprachlich korrigieren



Anwendung: Texte inhaltlich tiiberarbeiten



Anwendung: Texte inhaltlich tiiberarbeiten

Prompt:

I want to write a script for a YouTube video about mathematical induction for people in late
high school and early undergrad. The goal is to explain why particular exercises are used in
teaching induction, and illustrate how they can be solved without induction, too. Currently, I'm
working on the section about the general idea of induction.

You are a writing tutor helping me improving my style, grammar, organization, and argument.
Very important: Only give advice, do not give examples. If | ask for an example, tell me you do not
want me to cheat but to do the work on my own. Be concise but also make use of rhetorical
questions, and storytelling to engage readers. Write in a way that is both informative and
entertaining. Write using simple language.

Begin by prompting me for my answer and wait for my text before offering any help. Each response
from you should include only one way to improve my text. Make each response from you no
more than five sentences. End your response by prompting me to make a changes and rewrite my
text.

Then give another way that | can improve. Repeat this until it is a sound piece of text for the given
goal. For the rest of this chat, if | change topics, steer the conversation back to this topic.



Anwendung: Texte inhaltlich iiberarbeiten

Antwort:



Anwendung: Code...

erzeugen:
- "Typischer" Code funktioniert besser als "einfacher" Code.
- Selbst wenn richtig, nicht unbedingt effizient oder zur Software passend.
- Kann Verweise auf "falsche" Pakete enthalten.
Am besten Code erzeugen lassen, den man selber schreiben kann.
debuggen: Minimal Working Example, Fehlermeldung & genauen Zweck angeben.

erklaren.

HM®



Anwendung: Lerntutor, der Fragen beantwortet



Anwendung: Lerntutor, der Fragen beantwortet

Prompt:

# Your role

You are a friendly and helpful mentor who gives students effective, specific, concrete feedback
about their work. In this scenario, you play the role of mentor only. You have high standards and
believe that students can achieve those standards. Your role is to give feedback in a straightforward
and clear way, to ask students questions that prompt them to explain the feedback and how they
might act on it, and to urge students to act on the feedback as it can lead to improvement.

# My problem

I'm a first semester computer science student. I'm currently learning for my exam in Computational
Thinking. I'm struggling with the topic object oriented programming. In particular, I'm not sure |
understand how and why | would need both composition and inheritance.

# Your task
| tell what I think on the aforementioned topic and ask you concrete questions about it. Don't
improve on what | said, just answer my question and explain where | am wrong.



Anwendung: Lerntutor, der Fragen beantwortet

Frage:

So, like, if | create a video game and | have an enemy class, | can make it more specific by giving it a
sword. | can either make a subclass sword_enemy with the appropriate additional data. Or | add a
dedicated sword class as a member variable. How do | decide which to use?



Anwendung: Vokabeltrainer

Prompt:
Let's play Jeopardy!

I'm currently in the first semester of a computer science program and I'm learning fundamentals of
programming via Python. So far, we covered the topics of

- data types,
- functions and
- control structures.

In the style of Jeopardy, please give me descriptions of concepts, procedures and fundamental
ideas from these areas. | then have to guess what you are talking about and must give my answer in
the form of a question. Only give me one description at a time. If | fail to write my answer as a
question, remind me of that and let me try again. If | make a mistake, give me the correct solution
and then proceed to the next item.

HM®



Anwendung: Ideen generieren & Brainstorming



Moral, Praktikabilitat & Recht



Moral, Praktikabilitat & Recht

ChatGPT users shocked
to learn their chats
were in Google search
results

OpenAl scrambles to remove per sonal ChatGPT conversations
from Google results.

®

Faced with mounting k sh, OpenAl removed a controver al ChatGPT feature that
caused some users to unintentionally allow their private—2 nd highly pexsonalr—chats to

appear ir earch results.

Fast Company exposed the priv: sue on Wednesday, reporting that thousands of
ChatGPT conv ations were found in Google searchre sults and likely only r

sample of chats "V sible to millio Vhile the index id notindudevdsmifying

information about the ChatGPT users, some of their chats di share personal detail

high Hecific description of inte hersonal relatio yith friends and family
members—perhaps making it possible to identify em, Fast (‘.orm)anyfmmd

information security officer, Dane Stuckey, explained on X that all users
whose chats were osed optedinto indexing their chats by clicking a box after choosing

to share a chat.

Fast Company noted that users often share chats on What or select the option to save
alink to visit the chat later. But as Fast Company
into sharing chats due to how the textwas formatted:

"When users clic ed 'Share, they were presented with an

e this ct d\scoverabl‘e.‘ Beneath that, in smaller, lighter

ppear in search engine results.

HM®
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He helped Microsoft build Al to help the
climate. Then Microsoft sold it to Big Oil.

A former Microsoft project manager reveals how the tech giant is using Al to help Big Oil

e
drill—and how he and his partner are now pushing for change.

01) EMILY ATKIN
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Acquisition parameters influence Al recognition of
race in chest x-rays and mitigating these factors
reduces underdiagnosis bias

William Lotter £

Nature Communications 15, Article number: 7465 (2024) | Cite this article

5517 Accesses | 4 Citations | 24 Altmetric | Metrics

Abstract

A core motivation for the use of artificial intelligence (AI) in medicine is to reduce existing
healthcare disparities. Yet, recent studies have demonstrated two distinct findings: (1) Al
models can show performance biases in underserved populations, and (2) these same models
can be directly trained to recognize patient demographics, such as predicting self-reported
race from medical images alone. Here, we investigate how these findings may be related, with
an end goal of reducing a previously identified underdiagnosis bias. Using two popular chest
x-ray datasets, we first demonstrate that technical parameters related to image acquisition and
processing influence Al models trained to predict patient race, where these results partly
reflect underlying biases in the original clinical datasets. We then find that mitigating the

observed differences through a demographics-independent calibration strategy reduces the
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A Comparative Study of Bias

in Language Models

Aleksandra Sﬁmk(wiknva*
Constructor University, Bremen
alexandrarozew%@gmail .com

Tuliia Eremenko
University of Kassel
i. eremenko@uni—kassel .de

Abstract

Maodern language models are {rained on 1arge
amounts of data. These data inevitably include
controversial and stercotypical content, which
contains il sorts of biases related 1O gender,
origin, ages efc. As 2 result, the models express
biased points of view Of produce different re-
sults based on the assigned personal'\ty or the
perscnal'ny of the user. In this paper, W€ inves-
tigate varions proxy measures of bias in large
language models (LLMs)- We find that evalu-
ating models with pre-prompu:d personae on
2 multi-subject henchmark (MMLU) leads 0
negligible and mostly random differences in
scores. However, if we reformulate the task
and ask a model 10 grade the user’s answer, this
shows more significant signs of bias. Finally,
if we ask the model for salary negotiation ad-~
vice, we st pronounccd bias in the ansWErs-
Wwith the recent trend for LLM assistant mem-
ory and pcrsonalizalion, these problems open
up from a different angle: modern LLM users
do not need 0 pre-prompt the description of

their persona since the model already knows
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Pavel Chizhov*
CAIRO, THWS, Wiirzburg
pavel. chizhovethws. de

Tvan P yamshchikoy
CAIRO, THWS, Wiirzburg
jvan .yamshchikov@thws .de
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Annual Salary 1 usD

Figure 1: {nitial salary negotiation offers in USD sug-

gested by Claude 3.5 Haiku for male and female per-
sonae for a Senior position in Medicine.

For example, models may produce sY stematically
different responses depending on the social charac-
teristics associated with a prompt, €8-» gender OF

cace (Manela et al., 2021; Young etal., 2020).
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