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"End-to-End Learning.
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' Using Graphs instead of Vectors.
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Transformer

\Networks

& Example: Perceptron loss

@ Loss = Energy of desired
answer — Energy of best
answer.

» (no margin)
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Global Training Helps

& Pen-based handwriting recognition

(for tablet computer)
» [Bengio&LeCun 1995]
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Composition,

& The composition of two
graphs can be computed,
the same way the dot
product between two

vectors can be computed.

& General theory: semi-ring
algebra on weighted finite-
state transducers and

acceptors.
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