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Google Bard / Write me a short biography for Peter Knees

There are two people named Peter Knees that I can find information on. One is a German motorcycle racer who competed 
in the 1950s. The other is an Austrian computer science professor at the TU Wien. I will write a biography for the latter.

Peter Knees is an associate professor of information systems engineering at the TU Wien in Vienna, Austria. He received 
his PhD in computer science from the TU Wien in 2007. His research interests include information systems engineering, 
visual computing, and human-centered technology. He has published over 100 papers in international journals and 
conferences.

Knees is a member of the IEEE and the ACM. He is also a recipient of the ERC Starting Grant. His research has been 
funded by the Austrian Science Fund (FWF), the European Research Council (ERC), and the Austrian Ministry of Science, 
Research and Economy (BMWFW).

Knees is a passionate advocate for open science and reproducible research. He is a co-founder of the Austrian OpenAIRE
Node and the OpenAIREplus project. He is also a member of the board of directors of the OpenAIRE Foundation.

Knees is a dedicated teacher and mentor. He has taught courses on information systems engineering, visual computing, 
and human-centered technology at the TU Wien and other universities. He is also a frequent speaker at international 
conferences and workshops.

Knees is a highly accomplished researcher and educator. He is making significant contributions to the field of information 
systems engineering. He is also a passionate advocate for open science and reproducible research. He is an inspiration to 
his students and colleagues.
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Outline

Machine Learning: Basic Concepts
• Definitions and Areas

• k-NN, Decision Trees, Deep Learning

Generative AI
• ChatGPT

• Transformers

Conclusions
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Machine Learning Basics



AI vs. Machine Learning vs. Deep Learning?

• One (but not the only) 
characterization…

• Borders/overlaps 
blurry

• These days most is 
some form of deep 
learning

6

Deep Learning

Reinforcement 
Learning

Learning based on 
reward for actions

Generative Systems
Generation of new or 
variation of content



(Not only) Games: Popular Milestones in AI History

• IBM Deep Blue beats 
Kasparov in Chess (1996)

• IBM Watson wins 
Jeopardy! (2011)

• Google’s DeepMind AlphaGo 
defeats Go Champion (2016)

• Open AI’s ChatGPT released (2022), 
100 million users within 2 months
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(subjective depiction)

ML

inherently interpretable!

often hard to interpret!
Adopted from slide by M. Sabou



The Growing Promise of Machine Learning

• Machine Learning methods outperform humans by learning 
from big and complex observational data

• Improvements in medical treatments, piloting vehicles and 
aircrafts, personalized interfaces, media consumption, etc.

• In every domain, we will have tools that take over tasks or 
support us in making decisions
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Key Factors

• Decades of academic and industrial research (…mostly in neural networks)
• Big Data

Massive increase in digital data (…Internet, Google, digitization)
• Hardware

Massive increase in available computational power; optimized, affordable 
(graphics) processing units

• Software
New methods, algorithmic optimizations enabling highly complex models, Deep 
Learning

• … and creative people often inspired by science fiction
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Machine Learning

• “Programs that program themselves based on data”
• (Important: the underlying algorithm how to do that is still defined by humans!)

• Extract the structure of data (always historic)
• Summarize the training data into an executable predictive model
• à Data modeling to make predictions of outcome on new data
• Alternative to hard-coded rules written by experts (cf. KR systems)
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Data is essential

• Training a model requires large amounts of data
• In a way, data from the past to “predict the future”
• (Good) predictions require to generalize beyond the 

available data
• The way we decide to represent data is how “the world” is 

“perceived” by machine/algorithm; needs to be expressive 
and suited for the task
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Types of Machine Learning Problems
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Supervised Learning
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Classification
Output:
• Discrete variable
• Pre-defined set of values
• Referred to as "class"
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Classification

Predicting Personal Traits from 
Social Media
• From Facebook, Twitter, etc.
• Observed data: interactions, likes, 

network, content, …
• Personality and private traits largely 

predictable from this data

Kosinksi et al., “Private traits and attributes are predictable from digital
records of human behavior”, PNAS 110(15), 2013.

Golbeck et al, “Predicting Personality from Twitter”, SocialCom, 2011
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Classification Algorithms

• Nearest-neighbor classifiers
• Support Vector Machines
• Decision Tree-based Methods
• Rule-based Methods
• Probabilistic Methods
• Neural networks, Deep Learning
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Nearest-Neighbor Classifiers
 Requires three things

– The set of labeled records
– Distance metric to compute 

distance between records
– The value of k, the number of 

nearest neighbors to retrieve

 To classify an unknown record:
– Compute distance to other training 

records
– Identify k nearest neighbors 
– Use class labels of nearest 

neighbors to determine the class 
label of unknown record (e.g., by 
taking majority vote)

Unknown record

Adapted from http://www-users.cs.umn.edu/~kumar/dmbook/index.php (ch.4)

http://www-users.cs.umn.edu/~kumar/dmbook/index.php


Example of a Decision Tree
Home 
Owner

MarSt

Income

YESNO

NO

NO

Yes No

MarriedSingle, Divorced

< 80K > 80K

Splitting Attributes: best improvement wrt. class purity

ID Home 
Owner 

Marital 
Status 

Annual 
Income 

Defaulted 
Borrower 

1 Yes Single 125K No 

2 No Married 100K No 

3 No Single 70K No 

4 Yes Married 120K No 

5 No Divorced 95K Yes 

6 No Married 60K No 

7 Yes Divorced 220K No 

8 No Single 85K Yes 

9 No Married 75K No 

10 No Single 90K Yes 
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Training Data

Adapted from http://www-users.cs.umn.edu/~kumar/dmbook/index.php (ch.3)

• There could be more than one tree that fits the same data
• Complex data typically results in more complex trees
• If attribute signatures are unique, trees can be grown such that 

every leave only contains one class only à describes data perfectly
• Only looks at each feature individually

http://www-users.cs.umn.edu/~kumar/dmbook/index.php


Overfitting in Decision Tree Learning

• For complex data, growing the tree 
describes the data better

• However, on new, unseen data, 
performance goes down

• Overfitting: model “corresponds too 
closely or exactly to a particular set of 
data, and may therefore fail to fit 
additional data or predict future 
observations reliably” [Wikipedia]

• Remedy for decision trees: pruning the 
tree or stopping early (general)



Bias vs. Variance in Classification
Bias high Variance high
(underfitting) (overfitting)

21
(from Duda, Hart, Stork: Pattern Classification, 2nd ed.)



Do you understand the data fully?
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Do you understand the data fully?
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Data Sampling

• Function F

• With this training set one could get
a reasonable estimate

• Not with this training set

x
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How well would this deal with unseen data?

• Goal: learned model must generalize to also fit previously unseen data
• Performance on training data gives no information on this
• Need to simulate a more realistic scenario and find model that performs well on 

unseen data

• Idea: take an unbiased sample to hold back from training and use to test 
performance after training the model

• Does not solve the problem that we do not know what data will come in in the 
future



Deep Learning

• Class of machine learning methods that learn multiple 
levels of representations that correspond to different levels 
of abstractions

• Typically use a cascade of multiple layers of nonlinear 
processing units for feature extraction and 
transformation (most often an artificial neural network)

Resources: Schmidhuber (2015) - Nice overview of Deep Learning in NN
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https://www.sciencedirect.com/science/article/pii/S0893608014002135


Automatic Audio, Video and Image Analysis

February 2015, http://arxiv.org/abs/1502.01852

• Complex data to process (more than text)
• Huge steps made in this area 10 years ago, in particular with deep 

learning
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But not perfect

“On recognizing elementary 
object categories (i.e., common 
objects or concepts in daily lives) 
[…], machines still have obvious 
errors in cases that are trivial for 
humans.”
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February 2015, http://arxiv.org/abs/1502.01852



30https://www.pnas.org/content/116/4/1074



Not just classification
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https://medium.com/zylapp/review-of-deep-learning-algorithms-for-object-detection-c1f3d437b852



Reinforcement Learning

• Not explicitly presenting input/output pair
• Rather reward/penalize agents for actions

• E.g., optimization by playing against oneself
32
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Generative AI
• New content, ie. variations/recombinations of existing content and styles
• mostly based on pre-training on large existing corpora (text, images, music)
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ChatGPT
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Tech Analogy

ChatGPT is basically a 
complex Autocomplete
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Tech Analogy

ChatGPT is really not 
so different from 
automatic translation
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What else is ChatGPT?

• Multilingual
• A text generator and rewriter
• A program code generator and inspector
• A task assistant
• …
• Not bound to facts or the truth
• Not an Artificial General Intelligence; not the Singularity
• But it exhibits many desired properties of Artificial Intelligence
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Transformer

• Seqence-to-sequence: e.g., machine translation, question-to-answer, long-text to short-
text, text to speech, text to image, etc

• Often at the core of decoder-encoder architectures used for generation (“translates” from 
input domain encoding to output domain encoding)

• If “trained on itself” (self-supervised), can learn patterns for data representation
39

https://builtin.com/artificial-intelligence/transformer-neural-network



Contextualization via Self-Attention

• Learn meaning based on 
surrounding context for every 
word occurrence 

• This contextualization
combines representations

• Context here is local to the 
sequence (not necessary a fixed window)

• Every token attends to every 
other token: O(n2)
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The three steps to make a cappuccino ...

...Term 
representation

Contextualized 
representation

a measure or action, especially one of a 
series taken in order to deal with or 
achieve a particular thing.

steps 

Slide: S. Hofstätter, “Advanced Information Retrieval” course



Transformer – Architecture 

• We embed (subword) tokens
• We add a positional encoding
• In each Transformer-Layer:
o Project each vector with 3 linear 

layers to Query, Key, Value
o Transform projections to another 

multi-head dimension
o Matrix-multiply Query & Key 
o Get Q-K attention via softmax
o Multiply attention with Values and 

project back to output
41

Nice detailed walkthrough code + paper: 
https://nlp.seas.harvard.edu/2018/04/03/attention.html

...

Contexualized 
representations

...

Embedding

Transformer (n layers)

Positional 
encoding

KQ V

* Out

... ...

*T

Slide: S. Hofstätter, “Advanced Information Retrieval” course

https://nlp.seas.harvard.edu/2018/04/03/attention.html


How to train these LLMs?

• Pre-training (self-supervised)
• In-context

o Fine-tuning to specific tasks (supervised)
o Human feedback / labeling / ranking (supervised, 

reinforcement learning)
o Teacher-Student (reinforcement learning)



Pre-Training: Masked Language Modelling

• Recall our example:

o We want a good context-
dependent representation of 
“steps”

• Unsupervised Pre-training:

o Take text and mask random words

o Try to predict original word

o Update weights based on loss of 
prediction vs. actual word
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The three steps to make a cappuccino ...

...Term 
representation

Contextualized 
representation

a measure or action, especially one of a 
series taken in order to deal with or 
achieve a particular thing.

steps 

Slide: S. Hofstätter, “Advanced Information Retrieval” course



Pre-Training: Masked Language Modelling

• Training procedure:

o Take text and mask random words
o Try to predict original word from 

context words
o Update weights based on loss of 

prediction vs. actual word

• Loss requires prediction over vocabulary
o Prohibitive for large vocabs
o Models use WordPiece or BytePair

splitting of infrequent terms
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The three <mask> to make a cappuccino ...

...Term 
representation

Contextualized 
representation

Probability over full vocabulary

Prediction
......

Slide: S. Hofstätter, “Advanced Information Retrieval” course



https://www.theverge.com/2016/3/24/11297050/tay-microsoft-chatbot-racist

Risk of Public Chatbots

• There is 
precedent 
from 2016… 
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Not with ChatGPT!

Note: ChatGPT is critized 
for “political correctness” 
and “wokeness” for this!
NB: Elon Musk set out to 
develop a “non-woke” 
model (TruthGPT)…



Well…

When biased or tricked the right way, it 
might exhibit some of the biases that were 
not explicitly penalized through 
reinforcement learning.
(Although the actual context remains 
unclear for the example on the right.)
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https://www.thedailybeast.com/openais-impressive-chatgpt-chatbot-is-not-immune-to-racism



The Secret Ingredient
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Original story: https://time.com/6247678/openai-chatgpt-kenya-workers/



ChatGPT – Some take aways
• GPT … Generative Pre-trained Transformer
• Generative pre-training refers to strategies for creating additional 

training data for specific sub tasks
• Transformer model is self-supervised on large corpora

(Wikipedia, books, forums, web crawls; current details unknown!)
• Self-supervised model is fine-tuned for specific tasks (natural language 

processing tasks like question-answering, text extraction, chatting etc) 
based on specific datasets created for research

• Human training (reinforcement learning!) is applied for further fine tuning
(good answer reward vs bad answer penalty)
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Final Thoughts

• Machine Learning allows modelling of complex, big data
• Big data is created by humans (explicitly or implicitly)
• Intervention, control, or “bringing values” into machine 

learning would require a bridge to the symbolic side
• These are opposite paradigms:

• Symbolic (explicit, transparent, …) vs. Sub-symbolic (latent, hard to interpret)
• Causality vs. Correlation
• Prescriptive vs. Descriptive
• etc.
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• The first Chatbot
• Algorithm: rule-based 

pattern substitution to 
generate responses

• “Automatic person-
centered psychotherapy”

Try it out online!
e.g., http://psych.fullerton.edu/mbirnbaum/psych101/Eliza.htm
https://www.masswerk.at/elizabot/
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HOW CAN I HELP 
YOU?

>> 

adapted from http://www.vecchicomputer.com

Bonus: ELIZA [Weizenbaum, 1960s]

http://psych.fullerton.edu/mbirnbaum/psych101/Eliza.htm
https://www.masswerk.at/elizabot/
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