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Kaczmarz Algorithm, 1937

... revisited in 2009
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For instance, Fused LASSO
(Tibshirani et al., 2005)

b, = (0,0,...,1,-1,0,...,0)
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“We have not experimented with this yet,
as the computation seems challenging due
to the presence of /;norms.”

(Tay, Friedman, Tibshirani, PCA-Lasso 2018)
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3. Proposed method
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Proximal gradient descent
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Proximal gradient descent
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Linear rate
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4. Convergence rates
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Experiments

min{ ||z — z°|| | Wz = b}

1072 - ——0—
———o—o om0

—e— Kaczmarz

10712 Accelerated Sketch-and-Project
10-14  —— Double

0 100000 200000 300000 400000
lteration

500000



Experiments

1
min §£ETA£E +b'x | Cx=d

0 ———————
10 B o amm e S S—— "—
10°° —e— Double-SAGA

—o— SAGA
10" —+— Double-SVRG

. —+— SVRG
10 —#— Double-SGD
. SGD
10
10—10

0 25 50 75 100 125 150 175 200
Data passes



Reference

A Stochastic Decoupling Method
for Minimizing the Sum of Smooth
and Non-Smooth Function

arXiv:1905.11535



