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The problem

meer of data@

1 n
min f(x) =~ 3" f(x)
=1

xER? ;
@ Individual
loss function




Stochastic first order methods

Stochastic gradient descent
X1 =x—yVfkx) i~U{l,...,n})

Permutation-based methods
Cyclic gradient descent

» . . . 0
X =x =1 V) X1 = X

Random Reshuffling/Shuffle Once

Random Reshuffling/s
Xt =X = V) 2D, =

7, is a random permutation of {1,...,n}




Convergence of different methods
Rates of convergence
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Gradient variance at optimum
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Inner product reformulation

Reformulation
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Application to permutation-based methods

g/ (xti’ yz) = V[, (le ) +a; a;=-Vf, (y;) + Vi)
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The key lemma

Assume that each f; is L-smooth and convex. If we apply the
linear perturbation reformulation using vectors of the form

a;=—Vf, (yt) + Vf(y,), then the gradient variance of

the reformulated problem at the optimum x.. can be
bounded via the distance of the control vector y, to x. as

follows:

— %g ” Vfi(x*)
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Description of the algorithms

Algorithm 1 Algorithms Det-Shuffle, Rand-Shuffle, Rand-Reshuffle
Input: Stepsize v > 0, initial iterate zo € R?, number of epochs T’

Option Det-Shuffle: Choose a deterministic permutation {7g, ..., 7,1} of {1,...,n}
Option Rand-Shuffle: Choose a random permutation {7, ...,7,—1}of {1,...,n}
fort=0,1,...7T—1 do

Option Rand-Reshuffle: Choose a random permutation {rg,...,m,—1} of {1,...,n}

0 _ _
Ty = Tty Yt = T

fori =0,...,n—1 do
grtt(x%, yt) = vf?fz (fB%) - vfﬂ'z (yt) + vf(yt)

i+l il
Ty =Ty — ’Ygt(xta yt)
end for
Ti41 = Xy

end for




Theoretical guarantees

Algorithm p-strongly convex f; | p-strongly convex f convex f | memory | citation
RR-SAGA - O (x* log 1) - O(dn) Ying et al. (2020)
AVRG - O (k*log 1) - O(d) Ying et al. (2020)
RR/SO-SVRG O (ky/=log 1) O (klog?t) O (%) O(d) this paper

(in Big Dataregime) | (in Big Data regime)
O (ky/Klogt)

(in general regime)

Cyclic SAGA O (k*log 1) i - O(dn) Park & Ryu (2020)

IAG (Cyclic SAG) - O (m{"’ log f) - O(dn) Giirbiizbalaban et al. (2017)
DIAG (Cyclic Finito) | O (klog %) - - O(dn) Mokhtari et al. (2018)
Cyclic SVRG = O (ky/Klogt) O(%) O(d) this paper

Comparison of the variance-reduced convergence results and implementations.
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Experiments
In our experiments we solve the regularizeii ridge regression prol/allem, which has the finite sum form with
2
0= | Aux =i || T+ Il
where A € R"™? y € R" and 1 > 0 is a regularization parameter. Note that this problem is strongly convex and satisfies the
2
smoothness assumption for L = max; || A;. ” +Aand y = A, (ATA)/n + A where 4, is the smallest eigenvalue.
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Comparison of methods on cadata, abalone and ala datasets, we set the regularization constant A = 10/n and carefully chosen stepsizes.
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