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Transformers
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Disclaimer

1. I am presenting only one type of transformer. There are others e.g. with 
encoder-decoder structure, which all share the same principle.

2. I do not show formulas, but try to visualize the key ideas. 
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Natural language processing

Machine learning on text, e.g.:
• Sentiment analysis
• Question answering
• Machine translation
• Named entity recognition
• ...
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Example: Named entity recognition

Task: Find all location identifiers in a sentence.
Sentence: The ML@GFZ group meets in Potsdam.
Annotation:  The ML@GFZ group meets in Potsdam.
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Classical (DL) approach
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RNN insights
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• This is inherently sequential.
• Long range dependencies are hard to model.



The attention mechanism
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The attention mechanism
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The attention mechanism

10

query

key0 key1 key2 key3

value0 value1 value2 value3

query query query

score0 score1 score2 score3= = = =

result

∑



Self attention
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Self attention
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Multi-head self attention
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Multi-head self attention

The MHSA takes multiple vectors and puts them in the context of the other 
vectors.

Input: n vectors of dimension d
Output: n vector of dimension d
Parameters: (Sets of) Matrices WQ, WK, WV, WO
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Multi-head self attention

The MHSA takes multiple vectors and puts them in the context of the other 
vectors.

Input: n vectors of dimension d
Output: n vector of dimension d
Parameters: (Sets of) Matrices WQ, WK, WV, WO

Requires O(n²) computations, but only O(1) sequential computations.
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Multi-head self attention

The MHSA takes multiple vectors and puts them in the context of the other 
vectors.

Input: n vectors of dimension d
Output: n vector of dimension d
Parameters: (Sets of) Matrices WQ, WK, WV, WO

The parameters are independent of the number of input vectors.
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The transformer model
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Position embeddings

The attention mechanism does not take into account position.
→ The transformer is permutation equivariant.

Therefore we need position embeddings.
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Position embeddings
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The position embeddings pi are independent of the input vectors wi.



Transformer NER model
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Transformer advantages

• Each multi-head attention and fully connected layer can be computed 
fully parallel.

• The number of sequential steps is independent of the length of the input 
sequence.

• The length of the dependency path between two inputs is independent of 
their position.

• The model is (up to the position embeddings) permutation equivariant 
i.e. permuting input vectors just permutes the output vectors.
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Fast earthquake magnitude estimation

Fast determination of the 
earthquake magnitude is 
essential for early warning.
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https://www.usgs.gov/media/images/shakealert-earthquake-early-warning-system-us-western-states 
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Single station approach
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Network approach
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Results
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Baseline Transformer approach



Ground motion estimation
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Ground motion estimation
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