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Supervised Learning

• Supervised learning is conceptually simple


• It is easy to create theories of it, e.g. uniform convergence bound


• We know that we are doing our best to a certain extent

Uniform convergence bound



Unsupervised Learning

• Unsupervised learning: optimize one objective, for a different objective


• What if the current unsupervised methods are very bad? (↑regret)


• This can give some people nightmares



Unsupervised Learning

• How could we possibly create a theory of unsupervised learning?



Guiding examples

• Upstream dataset , Downstream dataset 


• e.g. Dataset  of English sentences, dataset  of French sentences 
Using  can help 


• e.g. Dataset  of bits sampled from uniform distribution 
Using  won’t help with any 
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Compression

• Prediction = Compression


• A good model  can be turned into a good compressor , and vice versaM C

“Language Modeling Is Compression” [Deletang et al, 
2024]

“78% MNIST accuracy using GZIP in under 10 lines of code” 
[Serlier, 2023]



Compression

• Kolmogorov complexity K(X) 
Length of the shortest program that outputs X


• For any computable compressor ,





• Under universal induction, simpler models are preferred 
e.g. “PAC-Bayes Compression Bounds So Tight That They Can Explain Generalization” (Lofti et al. 2022) gives 
a universal prior on the hypothesis class 

C

K(X) ≤ |C(X) | + K(C) + O(1)

P(h) = 2−K(h)/Z

Prediction error Model complexity
Length of message Length of program



Compression

• A deep neural net  implements/simulates a program


• SGD is doing program search


•  might be much smaller than the neural net implementation


• Goldblum et al, 2024. “Position: The No Free Lunch Theorem, Kolmogorov Complexity, and the Role of Inductive 
Biases in Machine Learning”
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Formalization

• We can now formalize unsupervised learning as follows:


• An algorithm  compresses 


• It is allowed access to 


• What’s the best algorithm ?
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Formalization

• Conditional Kolmogorov complexity  
Length of shortest program that outputs Y, when allowed to probe X


• For all ,


K(Y |X)

X

K(Y |X) ≤ |C(Y |X) | + K(C) + O(1)



Formalization

• C(Y): all the weights of deep NN + prediction error


• C(Y|X): training code for X +  (finetuning) + prediction error 

• But is this truly the best we can do?

Δθ



Joint compression

• As of yet, we do not have deep neural nets that can be truly conditioned on 
large datasets 


• But this is not much of an inconvenience:





• “Just compress everything”

X

K(X, Y) = K(X) + K(Y |X) + O(log(K(X, Y)))



Experiments

• We don’t really need this “theory” for explaining GPT, since the task is next 
token prediction on both  and . 
i.e. We are learning the same function on both datasets. It’s already 
guaranteed that  will somewhat help .


• We therefore turn to image classification
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Experiments

• “Generative Pretraining from Pixels” [Chen et al, 2020]



Experiments



To summarize

• Prediction on  is compression of 


• Prediction on  with the help of  is compression of  given 


• The best  probably contains the best 
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