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A Gentle Introduct|on to
. Modern I\/Iachlne Learmng

ple adapted from Scikit-learn open-source developer guide, Code source: Gaél Varoquaux, Andreas Muller; 2018
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What is machine learning?




THIS 15 YOUR MACHINE (EARNING SYSTEM?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSWERS ON THE OTHER SIDE.

WHAT IF THE ANSWERS ARE WRONG? J

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT.




Machine Learning definition

* Machine learning systems are those that can automatically improve
their performance based on experience.



Supervised Learning
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Weighted Average

Activation function
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Activation Functlons
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Feature
Engineering




Weather?

Bus %

Input Decision tree Output

N % X X i NOT CAR

Input Feature extraction + Classification Output




fc_ 3 fc 4

Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelLU activation *
Convolution Convolution L Ve ~
r ™
(5 X 5) kerr-IeI Max-Pooling (5 X 5) ke”_“*' Max-Pooling (with
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n3 units



Source layer
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Destination layer
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To be continued
depending on the task

T Aggregate matches
B L pooling ] <—— pooling <—  over positions
J‘ J‘ J‘ J‘ J‘ J‘ J‘ JA (locally or globally)
I A ) = = nondinearity  (aka “we don't care
Typical usage KN T N N N N (RelLU) where the cat is”)
O @] @] @] (@] @)} O @]
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O 0] O o) (@] 0] (@) (@)
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y o A CONVOIUTION =— with patterns
TR EEEEEEE R @ finda cat
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_ embeddings
<pad> I like the cat on a mat<eos> <pad>
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Sequential/Generative
Problems




—— =Adenine
1 = Thymine
3 = Cytosine

= = Guanine

[ ]=Phosphate

backbone

Sequential Data




RNN

Input gate Output gate

LSTM

Recurrent Neural
Networks

Reset gate Update gate
GRU
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‘THE FORGETFUL ROBOT




Input gate Output gate Reset gate Update gate
RNN LSTM GRU



Captioning Model

A happy dog is standing in the ocean

Enables
Captioning




<start>  Giraffes standing <end>
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Pretrained CNN Softmax Softmax Softmax Softmax

using ImageNet dataset
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Complex Outputs




"le chat est noir” =E0O5> “205= "the cat is black"

[ 02 85 03 12 299 ] [ 00 42 82 16 04 ] -
rF ¥ ¥ T ¥ | . . S .
Encoder « Context -I Decoder
L L L L L

Sequence-to- [ 42 82 16 04 99 ]
Sequence "the cat is black™ =<E05>




ENCODER Reply

Yes, what's ___ up? <END>
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Are you free tomorrow?
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Incoming Email DECODER



Relies on Direct

Supervision







Intuition

Prompt: robot playing against magnus carlsen in
chess




Random Noise Generator Generated Data
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Problems With
enerative Methods

L




Encoder-Decoder

TS
BART

Encoder-only
BERT
ROBERTA
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Iosses

detection
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Transformer Transformer (ViT)




Conclusion

Prompt: robot giving lecture to a class on stable
diffusion
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