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m-limit

 From p-limit!: current inf-width limits are not learning features
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Figure 1: PCA of representations of images from 5 classes (= 5 colors) in Omniglot test set.

e Goal: computable, deep, nonlinear, feature-learning infinite-width limit

1. Feature Learning in Infinite-Width Neural Networks, Greg Yang and Edward Hu



m-limit

 Why investigate feature learning?
* Practical finite networks depend on feature learning (i.e., language models)
* Inf-width studies should build on limits that learn features

* Key theory: the inf-limit of projected gradient descent for low rank
networks is efficiently computable (versus full gradient descent)

MLP with nonlinearity ¢ width— oo . MLP with nonlinearity V¢
trained by projected gradient accumulation ” trained by gradient concatenation




r-limit: Results
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CIFARIO 5892 59.63 +— 6131 | 60.64 ]61.50
Omniglot 43.80 [51.72] «— 91.22 | 92.21 [91.46

* Big question: is low-rank projected learning worse than full-rank?
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Computational Issues

* Finding full gradient descent limit has computational difficulties

* Gradient update causes one issue
F(&) = B(ZY™ 4 )p(E2V™ + (- )¢/ (---))

* Projecting gradient solves this issue

FE) = B(ZY™ + - ) (eZV™) 0« 6 —nlIV,L



Limit Formulation

e Expand to full network by projecting to low rank subspace
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* Optimizing hidden weights in (r x n) space
* Can exactly compute mt-limit with just As and Bs



m-limit: Results

* Practical uses?

 Memory grows Q(T) during training, time Q(T"2)
* Future Work?

* Many topics for inf-width MLPs

 Reduce memory, time requirements
* Expand to more architectures



