How to Improve SVRG?

® For SVRG,
v = Vfr,(x) — VFr,(x0) + VF(x0) = g 4 g,
gV = Vfz,(x) = Viz, (x0), 8 = VF(x0).
® Only use two reference points (x,xg) and two reference gradients
(g™, gy ...
® Using more than two reference points and reference gradients!
[ ] V:g(K)++g(1)+g(O),
gl = va(X(/)) — va(X(/—l)), 1< /<K,
gl = VF(x).

® Xy = X¢—1 —MV.
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Stochastic Nested Variance Reduced Gradient

Descent(SNVRG)!!

Algorithm 1 SNVRG (Outer loop) Algorithm 2 SNVRG-Epoch

1: Input:
zo?n? B757 K?{BI}7{TI}
2: fors=1,...,S do
[ySJZS] A

SNVRG-Epoch

(Zs—lana B, K, {B/}7 {T/})

4: end for

5: Qutput: Uniformly choose yout

from {ys}.

_ =
= O

PS’P:‘Q‘.".‘:‘?H’!\?!—‘

: Input: xg,7n, B, K, {B/} {T/}
Randomly pick Zg with size B.
(O) Vi, (x0), X ( ) X0
(()I) «— 0, X() <—x0,le (K]
Vo — Elzogg),xl <~ Xo—17"Vo
for tzl,...,]_[f;l T, —1do
Update {xgl)} and {g(l }
VM—Z/ gt )+ (0)
Xepl 6 Xe — 0 - Vi

end for

: Output: [X°“t’XH7;1 T/]'

Xout from ~{x0§t<1—”<:1 b

[1] Zhou, Dongruo, et al. "Stochastic nested variance reduced gradient descent for nonconvex optimization.” Advances

in Neural Information Processing Systems. 2018.
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Update rules

® Update parameters: batch size parameters { B}, loop length
parameters { T;}.

® Let r be the smallest number where t can be divided by Hﬁrﬂ T.

® Update rules for reference points {xgl)}:
1) (r—1)

1 -1 .
» x %Y remain the same as x\Y L x(
K
» Set xi7, .., x0  x,.

® Update rules for reference gradients {ggl)}:
» We do not need to upgrade reference gradients unless they have changed!
p (D) (r=1) in th (1) (r=1)
gy, 8t remain the same as g,”’;,...,&; 1
» For r < | <K,

randomly pick up Z with size By, set ggl) — sz(xgl)) - sz(xglfl)).
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K=2T1=2,Ta =3 as an
example.
Reference points:

. Reference point
— Reference gradient

@ curent iterate

0
X(())(—X(),X(()) (—Xo,X(()) < Xo,

Reference gradients:

()FVro( ())7

X3 X4 X5

Figure: Iterate t = 0.
Updating rule:

x1 + xo—n(g)) + &l +gi).
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Reference points:

() (0) ()

- x x (1)

Xy Xy Xy,

‘ Reference point
—— Reference gradient
‘ Current iterate

Reference gradients:
g g,

g < g,

g? « Vi, ) - vi,"), e

X0 X1 X2 X3 X4 X5

Updating rule: Figure: Iterate t = 1.

x; = x1 - n(gy +g1 +81”).
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Reference points:

0
Xg) < X2,

(0) (1) 1) (2
— Xl ? X2 A Xl ? x2 ‘ Reference point
—— Reference gradient

‘ Current iterate

Reference gradients:

gy el

g g,

g « Vi, (x) - Vi), e

Updating rule: Figure: Iterate t = 2.

x3 ¢ x2 — n(gy” + gy +gy).
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Reference points:

(0) 0) (1) (2)
— Xy y X3 < X3, X3 < X3, géo) @ Feferonce point
—— Reference gradient
Reference gradients: x| @ ourentite
(0) (0) (M
g — g2 9

( ) «— v7611( { )) - vﬁl(xf(i(J))a
géﬂevm(xé”) ~Vi ), e e e

Updating rule: Figure: Iterate t = 3.

X4 ¢ X3 — ﬁ(géo) + ggl) + g:(J,Q))-
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Reference points:

(0) 0) _ (1) (2)
<_ X2 ’ X3 <_ X3’ X3 <_ X3’ gio) . Reference point
—— Reference gradient
Reference gradients: ) @ corentiere
(0) (0)
g — g2 9

( ) «— v7611( { )) - vﬁl(xf(i(J))a
géﬂevm(xé”) ~Vi ), e e e

X0 X1 X2 X3 X4 X5

Updating rule: Figure: Iterate t = 4.

X4 ¢ X3 — ﬁ(géo) + ggl) + g:(J,Q))-
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Step 5

Reference points:

( ) (0) (1)

%O, (1) @

<_X4 , <_X5,

Reference gradients:

g el

g —g,

g Vi (x{) - Vi, (),
Updating rule:

X6 — X5 — ﬁ(géo) + gél) + g?))-
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‘ Reference point

—— Reference gradient

@ curent iterate

X6

Figure: Iterate t = 5.
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	Finding first-order stationary points

