Kernel-Ridge-Regression



Core idea

Procedure
- Get /data points with scalar property (label) {q:}
- E.g. atomisation energy

- Calculate all representations {M,}
- typically ~1k

- Find distance and kernel matrices D K
- Symmetric

- Train model for predictions {q:}

arg min Z(qz — qu)g —+ A Z Oz/,;Oéjkij
. i ij

= a=(K+ )"y g(M) = > a;ik(M, M)

Gaussian kernel:  k(z,y) = exp(—y||x — sz)



Fill Distance

h = sup min ||y — x;||2
sup min |y — |

Error = aexp(—c/h)

W.R. Madych, S.A. Nelson, / Approx Theory, 1992.



Kernel functions / Mercer‘s condition
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Example model
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Compute requirements

Quadratic scaling in memory = a=(K+ )\I)—ly
0O(n%8) in compute

1k points: 8 MB
10k points: 760 MB
100k points: 75 GB
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Median distance in the unit cube
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Queries per second (1/s)

Approximate nearest neighbors

1M data points
25 features

Recall-Queries per second (1/s) tradeoff - up and to the right is better
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Preconditioners

Original problem

ﬁ A-Ridge
<« N " e — e - =
( Leverage
scores
Slow progress lll-conditioned Columns with highest Low-rank NystrOm approx.
toward solution kernel matrix approx. leverage scores of original linear system

Preconditioned problem

-1

o =
———— - 5 — E—
( Interations

Rapid progress Equivalent transformation of original problem Potential energy
toward solution with improved numerical convergence properties surface reconstruction

S. Chimela, et al., Sci. Adv. , 2023.



Preconditioners
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S. Chimela, et al., Sci. Adv. , 2023.



When to use

Pros

- One-Step learning

- Explainable model

- Easy ablatation studies (=,what if certain data was not known*)
- Efficient cross-validation

Cons How to fix

- Need to have features Make them overcomplete

- Memory requirements can be challenging Consider nearest neighbors only
- Plenty of hyperparameters More compute

- Instable for large data sets Regularize



Summary Kernel Ridge Regression

- Explainable method

- Requires kernel function

- Can be learned without optimization

- Requires hyperparameter scans

- Highly susceptible to kernel function choice

- Regularization required especially for noisy data
- Easy to implement, hard to implement efficiently
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