
Kernel methods provide a principled way to perform learning with 
op6mal generaliza6on proper6es. However their high computa6onal 
requirements limit their applicability to large scale datasets.  
FALKON is a novel algorithm that allows to scale up kernel methods 
preserving op6mal sta6s6cal accuracy.
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Kernel Ridge Regression
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Solves regularized ERM on models with reduced complexity
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Comparison with other methods
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Combines Nyström, itera3ve op6miza6on and precondi3oning. 
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Optimal generalization is achieved with complexity 
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The FINAL ALGORITHM uses Conjugate gradient on precondi6oned (1), 
and computes B as

Cholesky decomposition

B =
1p
n
T�1A�1, T = chol(KMM ), A = chol

✓
1

M
TT> + �I

◆bf� =
nX

i=1

↵iK(x, xi) ( bKnn + �nI)↵ = by

[1] A. Caponnetto and E. De Vito. Optimal rates for the regularized least-square algorithm. Foundations of  Computational Mathematics 7.3, 2007. 
[2] A. Rudi, R. Camoriano and L. Rosasco. Less is more: Nyström computational regularization. Advances in Neural Information Processing Systems, 2015. 
[3] R. Camoriano, T Angles, A. Rudi and L Rosasco. NYTRO: When subsampling meets early stopping, Artificial Intelligence and Statistics, 2016.

FALKON achieves the best 3me/space complexity for op6mal 
generaliza6on.

FALKON is coded in MATLAB (on GithHub : “FALKON_paper”). The 
experiments are run on a single machine (two Intel Xeon E5-2630 
v3, one NVIDIA Tesla K40c and 128 GB of RAM), while most of the 
compe6tors uses clusters of mul6ple machines.
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MillionSongs YELP TIMIT

MSE Relative error Time(s) RMSE Time(m) c-err Time(h)

FALKON 80.10 4.51⇥ 10�3 55 0.833 20 32.3% 1.5
Prec. KRR - 4.58⇥ 10�3 289† - - - -
Hierarchical - 4.56⇥ 10�3 293? - - - -
D&C 80.35 - 737⇤ - - - -
Rand. Feat. 80.93 - 772⇤ - - - -
Nyström 80.38 - 876⇤ - - - -
ADMM R. F. - 5.01⇥ 10�3 958† - - - -
BCD R. F. - - - 0.949 42‡ 34.0% 1.7‡

BCD Nyström - - - 0.861 60‡ 33.7% 1.7‡

EigenPro - - - - - 32.6% 3.9o

KRR - 4.55⇥ 10�3 - 0.854 500‡ 33.5% 8.3‡

Deep NN - - - - - 32.4% -
Sparse Kernels - - - - - 30.9% -
Ensemble - - - - - 33.5% -
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SUSY HIGGS IMAGENET

c-err AUC Time(m) AUC Time(h) c-err Time(h)

FALKON 19.6% 0.877 4 0.833 3 20.7% 4
EigenPro 19.8% - 6o - - - -
Hierarchical 20.1% - 40† - - - -
Boosted Decision Tree - 0.863 - 0.810 - - -
Neural Network - 0.875 - 0.816 - - -
Deep Neural Network - 0.879 4680‡ 0.885 78‡ - -
Inception-V4 - - - - - 20.0% -
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Speed/Accuracy Comparison
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THEORETICAL ANALISYS

Test MSE per 
iterate/epoch 
over the 
HIGGS dataset. 
In 7 itera3ons 
FALKON achieves 
the op6mum 
error value.
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