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Was ist KI? Universitdit

Artificial intelligence refers to systems that use technologies such as: text mining, computer vision,
speech recognition, natural language generation, machine learning, deep learning to gather and/or
use data to predict, recommend or decide, with varying levels of autonomy, the best action to
achieve specific goals.

Artificial intelligence system’ (Al system) means software that is developed with one or more of the
techniques and approaches listed in Annex | and can, for a given set of human-defined objectives, generate
outputs such as content, predictions, recommendations, or decisions influencing the environments they
interact with.

(a) Machine learning approaches, including supervised, unsupervised and reinforcement learning, using a
wide variety of methods including deep learning; (b) Logic- and knowledge-based approaches, including
knowledge representation, inductive (logic) programming, knowledge bases, inference and deductive
engines, (symbolic) reasoning and expert systems; (c) Statistical approaches, Bayesian estimation, search
and optimization methods.”
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Was ist KI? Universitdit

Artificial intelligence (Al) systems are software (and possibly also hardware) systems designed by humans that,
given a complex goal, act in the physical or digital dimension by perceiving their environment through data
acquisition, interpreting the collected structured or unstructured data, reasoning on the knowledge, or processing
the information, derived from this data and deciding the best action(s) to take to achieve the given goal. Al
systems can either use symbolic rules or learn a numeric model, and they can also adapt their behaviour by
analysing how the environment is affected by their previous actions."

Artificial Intelligence refers to systems that display intelligent behaviour by analysing their environment and taking
action — with some degree of autonomy — to achieve specific goals.

Al is a generic term that refers to any machine or algorithm that is capable of observing its environment, learning,
and based on the knowledge and experience gained, taking intelligent action or proposing decisions. There are
many different technologies that fall under this broad Al definition. At the moment, ML techniques are the most
widely used
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Klassisch vs Modern Universitdt
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Bedeutung von ,sehen” Universitdt@MUnchen
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Unsupervised Learning Universitdt (& Miinchen
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Unsupervised Learning - Medizin Universitc‘itﬁ Miinchen
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Reinforcement Learning Universitdt @ Miinchen

Source
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Das Problem Universitdt




der Bundeswehr
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Neuronale Netze Universitdt j<} Miinchen

Idee des neuronalen Netzes:

Eingabeschicht Zwischenschicht Ausgabeschicht

I ~—— s a
Daten — N - Klasse
In einem Graphen sind (Knoten) Gber Synapsen (Kanten) miteinander

verbunden. Jedes Neuron verarbeitet Eingangssignale zu Ausgangssignalen.
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Feedforward zu Recurrent Neural Networks Universitdt @Mﬁnchen
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Recurrent NN (1985) Universitdt (¢; Miinchen
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Seq2Seq (2014) Universitdt (¢; Miinchen

Well —~ thanks
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How are you ?
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Attention in Seq2Seq (2016)

Decoder RNN Decoder RNN

Context Vector

Backward Backward
Encoder RNN Encoder RNN

Forward Forward
Encoder RNN Encoder RNN

Decoder RNN
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Tokens

GPT-3.5 &GPT-4 GPT-3(Legacy)

Many words map to one token, but some don't: indivisible.

Unicode characters like emojis may be split into many tokens containing
the underlying bytes: ¥

Sequences of characters commonly found next to each other may be grouped
together: 1234567890

Clear

Tokens Characters

57 252

Many words map to one token, but some don't: indivisible.

Unicode characters like emojis may be split into many tokens containing

the underlying bytes: ©9609©

Sequences of characters commonly found next to each other may be grouped
together: 1234567890

TEXT

A helpful rule of thumb is that one token generally corresponds to ~4 characters of text for
common English text. This translates to roughly 34 of a word (so 100 tokens ~= 75 words).
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GPT-3.5&GPT-4 GPT-3(Legacy)

-

o
5

Viele Worter lassen sich einem Token zuordnen, einige jedoch nicht:
unteilbar.

Unicode-Zeichen wie Emojis kénnen in viele Token aufgeteilt werden, die
die zugrunde liegenden Bytes enthalten: #

Sequenzen von Zeichen, die haufig nebeneinander vorkommen, kénnen in
Gruppen zusammengefasst werden: 1234567390

Tokens

Clear Show example

Characters

90 309

Viele Worter lassen sich einem Token zuordnen, einige jedoch nicht: un
teilbar.

Unicode-Zeichen wie Emojis konnen in viele Token aufgeteilt werden, die
die zugrunde liegenden Bytes enthalten: ©9€0€©

Sequenzen von Zeichen, die haufig nebeneinander vorkommen, kdnnen in Gr
uppen zusammengefasst werden: 1234567890

TEXT

https://platform.openai.com/tokenizer
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Next Token Probabilities
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GPT (Generative Pretrained Transformer, 2018) Universitdt jg?i Miinchen
12 blocks
Positional encoding
% Embeddin Transformer Transformer Transformer j Linear
9 Block Block Block Classifier
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GPT (Generative Pretrained Transformer) Universitdt j(l Miinchen

Classification Start Text Extract ]-— Transformer |~ Linear

Entailment Start | Premise | Delim | Hypothesis | Extract |-~ Transformer (-~ Linear

Similarity 4
Start Text 2 Delim Text1 | Extract |+ Transformer

Linear

Start Text 1 Delim Text 2 Extract | = Transformer :

12x —

Start Context Delim | Answer1 | Extract | = Transformer (-~ Linear i

Multiple Choice | Start Context Delim | Answer2 | Extract | = Transformer = Linear {

Text & Position Embed Start Context Delim | Answer N | Extract |+ Transformer = Linear |—
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GPT (Generative Pretrained Transformer) Universitdt jg?i Miinchen

* Pretraining mit Unsupervised Task: nachsten Token basierend auf vorherigen
vorhersagen

 Datensatz: BooksCorpus
 #Parameters: 110 Millionen
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GPT - 2.0 (2019) Universitdt (& Miinchen

* Primar: Mehr Daten, mehr Parameter
 #Params: 1.5 Milliarden
« Kontext 512 -> 1024
* Qualitatsprobleme mit CommonCrawl

* Generierung von WebText basierend auf Links von Reddit mit 3+ Karma -> 8 Millionen
Dokumente, 40GB

 Zum ersten Mal: Produktion von langen koharenten Texten

 Kein Fine-Tuning fir spezifische Tasks (Ubersetzung, Zusammenfassung, etc.) nur
Vorhersage von nachstem Token

* Input durch Prompts - z.B. Zusammenfassung: <Text> TL;DR:

Von Daten zu Entscheidungen [08. 07.2026] Seite 39



GPT - 3.0 (2020) Universitdtd}gj\e;lwzih;)chen

 Und so weiter:

e GPT-2 = 10x GPT, GPT-3 = 100x GPT-2: 175 Milliarden Parameter
« Kontext: 1024 -> 2048

* Daten:
« CommonCrawl (410 Milliarden Tokens), 60%
 WebText2 (19 Milliarden Tokens), 22%
* Books1 (12 Milliarden Tokens), 8%
* Books2 (55 Milliarden Tokens), 8%
* Wikipedia (3 Milliarden Tokens), 3%
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Llama 2 training Universitdt@MUnchen

HUMAN
FEEDBACK
FINE-TUNING

(/)

7/
O Safety Reward Model
Rejection Proximal Policy
( ) Sampling Optimization
v
=
RLHF
Human preference data Helpful Reward Model!

PRETRAINING

! BN
Supervised O8 Llama-2-chat

Pretraining data
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LLMs in der Medizin Universitdt j(} Miinchen

Pretraining Fine-tuning Reinforcement learning Deployment
Text Text fine-tuning Text RLHF Text deployment
Data sources: Clinical data: Human feedback: Applications:
« Medical literature textbooks « Electronic health records « Clinical accuracy assessment « Clinical documentation Al
« Clinical guidelines protocols « Clinical notes narratives « Safety and terminology correctness « Medical chatbot virtual assistants
« Medical research databases « Discharge summaries « Medical-bias evaluation « Literature search synthesis
« Drug information systems « Lab-result annotations —— Ethical-compliance review « Clinical decision support
Techniques: Techniques: Techniques: Deployment technigues:
« Autoregressive language modeling « Named-entity recognition « Proximal policy optimization « A/B-tested learning
«» Masked language modeling (BERT) « Clinical-text classification » Clinical preference learning » RAG with medical knowledge bases
« Next-sentence prediction » Medical-question answering « Constitutional Al alignment « Prompt engineering optimization
Image fine-tuning Image RLHF Image deployment
Data sources: Clinical data: Human feedback: Applications:
« Medical imaging datasets « Annotated X-rays, radiographs « Radiologist evaluations « Radiology Al assistants
» X-rays, CT scans « Labeled MRI CT scans « Diagnostic accuracy assessment « Pathology analysis systems
« Pathology-slide images « Pathology slide annotations » Clinical relevance scoring « Dermatology screening tools
« Histopathology slides » Dermatology image datasets == . Visual attention validation « Medical image generation
Techniques: Techniques: Techniques: Deployment techniques:
« Vision transformer (ViT) « Medical-image classification « Vision-based PPO « Zero-shot classification
« Masked autoencoders (MAE) « Semantic segmentation » Human preference ranking « Visual prompting
« Contrastive learning + Object-detection localization « Visual attention alignment « Few-shot adaptation
Video fine-tuning Video RLHF Video deployment
Data sources: o'z Rkt
« Surgical procedure videos Clinical data: : Human hedback. Applications:
« Diagnostic microscopy » Annotated surgical vudeos » Surgeon technique assessment = Surgical guldanog systems
« Medical training footage « Labeled endoscopy clips «» Temporal accuracy evaluation « Endoscopy Al assistants
« Patient consultation videos « Motion-tracking clinical data « Patient safety scoring » Patient-monitoring tools
« Gait analysis datasets == . Clinical workflow validation » Rehabilitation monitoring
Te\;fg:;q:::;fmm,s (ViviT) Techniques: . Techniques: Deploygnem techniques:
« Thrae-dimensionst * Action recognition + Video-based PPO . « Real-time video analysis
convolutional networks « Temporal segmentation « Temporal reward modeling « Temporal prompting
« Temporal modeling +» Motion pattern analysis + Sequence preference learning » Motion-pattern recognition

Von Daten zu Entscheidungen [08. 07.2026]
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LLMs in der Medizin Universitc’itjﬁ Miinchen

Data sources:

» Heart sounds murmurs

« Respiratory recordings

« Patient interview recordings
« Voice biomarker datasets

Techniques:

« Audio transformers

« Mel-frequency analysis
« Spectral masking

Data sources:

+ Text-image pairs

« Video-audio datasets

« Multi-modal clinical records
« Cross-modal annotations

Techniques:

« CLIP-style learning

« Cross-modal attention
« Unified transformers

Audio fine-tuning

Clinical data:

« Labeled heart murmurs

» Annotated lung sounds

» Speech biomarker annotations
« Clinical audio transcripts

Techniques;

« Audio classification

» Signal filtering

» Acoustic feature learning

Multimodal fine-tuning

Clinical data:

« Radiology reports and images
» Clinical notes and audio

» Surgery videos and text

« Patient records and biomarkers

Techniques:

« Vision-language tasks

» Multi-modal fusion

« Joint representation learning

—

Audio RLHF

Human feedback:

« Clinician audio assessment

« Diagnostic quality scoring

» Pattern-recognition accuracy
» Clinical relevance scoring

Techniques:

« Audio-based PPO

- Signal-quality modeling

» Acoustic preference learning

Multimodal RLHF

Human feedback:

« Cross-modal consistency

« Integrated clinical reasoning
« Holistic patient assessment
« Multi-modal safety scoring

Technigues:

« Multi-modal PPO

+ Cross-modal alignment

« Joint preference optimization

Audio deployment

Applications:

» Cardiac monitoring Al

» Respiratory analysis systems
« Voice-based diagnostics

« Clinical transcription Al

Deployment techniques:
« Audio prompting

- Signal preprocessing

« Few-shot audio learning

Multimodal deployment

Applications:

« Comprehensive clinical Al

« Integrated diagnostic systems
« Multi-modal medical assistants
« Holistic patient monitoring

Deployment techniques:

« Cross-modal prompting

« Fusion optimization

» Integrated decision support

Teo, Z. L., Thirunavukarasu, A. J., Elangovan, K., Cheng, H., Moova, P., Soetikno, B., ... & Ting, D. S. W. (2025). Generative artificial
intelligence in medicine. Nature medicine, 31(10), 3270-3282.
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Fallstudie: CHIEF Universitdt (3 Miinchen
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Wang, X., Zhao, J., Marostica, E., Yuan, W., Jin, J., Zhang, J., ... & Yu, K. H. (2024). A pathology foundation model for cancer diagnosis
and prognosis prediction. Nature, 634(8035), 970-978.
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Fallstudie MedGemma 1.5/M

Prompt

-

Compare the two above
images. Is the pneumonia
unchanged, worsened, or
improved in the second
image compared to the first
image?

Image source: https://commons.wikimedia.org
wiki/File:03-01-Infiltrat_Ausgang.png. Follow-
up image generated using Gemini.

— MedGemma 1.5 —>

Al Response

Based on the provided chest
X-rays, the pneumonia
appears to be worsened in
the second image compared
to the first image. The second
image shows more extensive
and dense opacities in the left
lung, indicating a greater
degree of consolidation. The
right lung also shows some
increased opacities, but to a
lesser extent.
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Al response evaluation by
board-certified
thoracic radiologist

| agree the pneumonia has
worsened on the second image
compared to the first image. |
agree with the reasoning and
description of the lung opacities.

X However, a region of relative
lucency in the mid right lung, which
could represent either cavitation or
merely a region of lung spared by
pneumonia, is not mentioned.

©) Fine-tuning may improve results

https://research.google/blog/next-generation-medical-image-interpretation-with-medgemma-15-and-medical-speech-to-text-with-medasr
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Human in the loop Universitdt (& Miinchen

Europaan
Commission

Human oversight. Human oversight
helps ensuring that an Al system does
not undermine human autonomy or
causes other adverse effects. Oversight
may be achieved through governance
mechanisms such as a human-in-the-
loop (HITL), human-on-the-loop (HOTL),
or human-in-command (HIC) approach.
HITL refers to the capability for human
intervention in every decision cycle of the
system.

https://ec.europa.eu/futurium/en/ethics-guidelines-trustworthy-ai/stakeholder-consultation-guidelines-first-draft. html
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