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RFF(2007, test-of-time award on NeurlPS2017)
Structral Matrix: Fastfood(2013), SCRF(2015),
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Orthogonality: ORF, SORF(2016)
uasi Monte Carlo: QMC(2014), MM, SSF(2017

Data Dependent Random
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leverage score: LS-RFF(2019), SLS-RFF(2020)
kernel alignment: EE-RFF(2018)

end-to-end learning: DKR(2019), Generative
Method(2020)

FERIARR -

1) BT IEEIESR B R T IEE I AT RN

2) (BiFEEFEMERIERE NETIETUSIERERG iERYZ(EEET TS
(TEEREEFEER I VISR B &5 %z EE I T EE)

[1] Rahimi A, Recht B. Random features for large-scale kernel machines. NIPS 2007.

[2] Liu F, Huang X, et al. Random Features for Kernel Approximation: A Survey on Algorithms, Theory, and Beyond. TPAMI 2021.
[3] Yu F X X, Suresh AT, et al. Orthogonal random features. NIPS 2016.
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TS 5.050+£0.759 4.9521+0423 4.674£0.117
mpyg SRF 4.461 £0.136 4.2691+0.129 4.137£0.081
DIGNN 4. 686 +0.287 433040128 4.13340.119
g GORF{OURS) 4.3424+0.102 416240157 3.872+0.117
k RM T3 L1772 3436 L0017 2.401 £0.008
TS 5414 £0.879 4.7721+0377 4.657L£0.316
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[2] Avron H, Kapralov M, et al. Random Fourier features for kernel ridge regression: Approximation bounds and statistical guarantees[C]//ICML 2017
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