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Hybrid regularization methods have been well-documented as effective solvers for ill-posed Random Feature Model Process For our experiments, we tested the Hybrid LSLU method with the MNIST dataset,
mverse problems. These methods have been recently extended into the machine learning Our goal is to apply a random, nonlinear transformation A : R — R to each row in then compared the results to Hybrid LSQR. These graphs compare error, iterations,
domain for training random feature models (RFMs) and have applications in bioinformatics, input matrix of images Y € R”*%i in order to identify patterns in the data. We choose and features for both hybrid and standard regularization methods.

3D reconstruction, and image processing. Hybrid regularization methods, specifically hybrid to define A as:

Krylov subspace methods, have shown to be competitive with classical regularization techniques A(Y) = [a(YK + 1nCT) 1,] € R . _Test Error for MNIST Data_

for training RE'Ms. While these methods have shown success, they are often computationally Methods and Parameters o

expensive. In the context of inverse problems, new hybrid Krylov subspace methods have been o K e R%*(m~1) and ¢ e R™~1 are random values from a unit hypersphere. e Unregularized o

developed that are inner product free, making them more eflicient. In this project, we consider
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e ¢ is the ReLLU activation function, a(x) = max(x,0).

the application of these hybrid Krylov subspace solvers for the training of REF'Ms. e Weight Decay & Gradient Flow E oo
e The dimension m controls the expressiveness of the RFM. (optimal parameter) g
Background The RFM training consists of finding X € R"*"o guch that A(Y)-X ~ B. This o Hybrid LSQR (GCV) 015 oW D
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Image classification involves mapping a set of input images to a corresponding set of output X" =argmin —|A(Y)X - BH% per ol Feature
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labels. For this project, we use the widely studied MNIST dataset. | .
For this problem, we need to use a solver that can run efficiently and be stable enough
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Previously, in [3], the Hybrid LSQR method (available in MATLAB’s IR Tools package 035 f \

A common and effective approach in image classification is to represent it as a large scale
linear inverse problem of the form
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2]) was successfully applied to train RFMs. Notably, the method:
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B~AX e Avoided the double descent phenomenon
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Random Feature MOdelS Number of Features Number of Features
We can use Random Feature Models (RFMs) to transform the image data such that a Our proposal is to instead utilize a Hybrid LSLU method, introduced in [1], which

linear model can be applied. improves on Hybrid LSQR by using a Hessenberg process that

Test Error for MNIST Data, 256 features Test Error for MNIST Data, 1024 features Test Error for MNIST Data, 4096 features
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045 ey et Etor for M R e Does not require inner products

: B e Requires less storage and work L —

Through these improvements, this unique approach is advantageous for both mixed
precision and high-performance computing scenarios.

Challenges

e [ll-posedness

e Double descent phenomenon

e Poor generalization
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These challenges can be mitigated with P | Future Work Comparison of LSQR (GCV) and LSLU (adaptive wGCV) over 100 iterations
various regularization techniques. N A T AN 2"
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e Applies variational regularization (e.g. Tikhonov) inside those subspaces



