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Was wissen Sie über (die technischen Hintergründe von) ChatGPT?



Artificial Intelligence

▶ Classical AI research
▶ Algorithms to plan actions in order to achieve a goal
▶ Represent knowledge formally (e.g., in machine-readable ontologies)
▶ Draw logical conclusions from knowledge
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▶ Generative AI
▶ No explicit knowledge representation – “neural knowledge”

extracted from data sets
▶ Machine learning models to make inferences
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Neural Knowledge
Vector representation for “köln”
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Machine Learning

▶ What is machine learning?
▶ Method to find patterns, hidden structures and undetected relations in data

▶ It’s all around us: Stock market transactions, search engines, surveillance, data-driven
research & science, text and image generation …
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Machine Learning
Classification

▶ Explicitly assigning classes to objects/instances/items
▶ Words → parts of speech
▶ Texts → genres

▶ Many algorithms available: Decision trees, support vector machines, naïve Bayes, neural
networks, Bayesian networks, …

▶ Libraries are available, not a technical challenge
▶ Challenges

▶ Find useful training data
▶ Interpret results reasonably
▶ Establish a realistic and trustworthy test set
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Machine Learning
Language Modeling

▶ One of the oldest NLP tasks
▶ Long before predictive typing on smart phones

became a thing
▶ Long before “large language models” became a

thing
▶ Language model (LM) predicts the next word, given

previous words (history)
▶ Formally: p(word|history)

Beispiel
Maria hat an der Universität zu Köln .
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Machine Learning
From Language Models to Large Language Models

p(wn|w1,w2, . . . )
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Kontextmerkmale aus Daten ‘gelernt’

(Mikolov u. a., 2013)
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Nicht jedes Wort gleich wichtig

(Vaswani u. a., 2017)

‘neural revolution’
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Multiple Ways of Using a Large Language Model

1 Let it generate free text (“prompting”)
▶ Impressive for lay persons and investors
▶ Difficult to evaluate exactly: How to measure if a text is “correct” or “good”?
▶ Terms are not defined explicitly, and (presumably) used with their every-day meaning (which

is vague)
▶ Challenge for sciences with specialised vocabulary

2 Fine-tune it to a specific task and let it do classification
▶ Requires explicitly labeled training data
▶ More labor-intensive
▶ Model outputs probabilities for classes, straightforward evaluation

▶ E.g., what’s the percentage of correct predictions
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The Role of Data
▶ Two purposes: Training and testing
▶ Training set sizes are increasing: (Bigger ∪ Better) > Bigger > Better
▶ Raw data is rarely used for training

▶ Which preparation steps to include is a decision developers make

Abbildung: Training data development (Zha u. a., 2023, 8)
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The Role of Data
Testing/Evaluation

▶ Finding out how well things work – important for scientific research
▶ (L)LMs hard to evaluate, because not a single correct answer
▶ Classification: Straightforward, because we know which classes can be given
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The Role of Data I
Pitfalls and Mistakes (Roberts u. a., 2021)

▶ Can ML predict COVID-19, based on chest CXR and CT scans?
▶ 2212 studies, 415 looked at in detail
▶ “[…] none of the models identified are of potential clinical use due to methodological flaws

and/or underlying biases”
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The Role of Data II
Pitfalls and Mistakes (Roberts u. a., 2021)

▶ Participants bias
▶ Public data sets with unclear ground truth, as anyone can contribute images
▶ Unclear selection criteria applied
▶ Demographic differences between COVID-19 and control groups

▶ Predictor bias: Which features does the model look at?
▶ Impossible to evaluate in deep learning scenarios

▶ Outcome bias sources
▶ Inconsistent diagnosis of COVID-19
▶ unclear definition of a control group
▶ ground truths being assigned using the images themselves
▶ using an unestablished reference to define outcome
▶ combining public and private datasets
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The Role of Data
Training data in popular models
▶ BERT: https://huggingface.co/bert-base-uncased
▶ GPT-2: https://huggingface.co/gpt2
▶ GPT-4: https://arxiv.org/pdf/2303.08774.pdf
▶ Image models: https://haveibeentrained.com
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