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Proximal gradient descent
Nesterov's accelation technique
Reduced variance technique
Mini-batch setting
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Algorithm 1 Nesterov's Acceleration update
1: Input: total time T
2: Initialize: x; = y1.
3 fors=1,2,--- do
4 Yei1 = Xs — lVf(xs)

Xs4+1 = (1 + \F+1)YS+1 - §+1YS

end for
Return: y; 1

o

oo

Let f be a-strongly convex and B-smooth, then Nesterov's
Accelerated Gradient Descent Satisfies

Flye) = F(x7) <

@+ 80— x| Pep(- 2L
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Proof Technique

@ Define a-strongly convex quadratic function @,
° ¢1(X) = f(Xl) =+ %HX —X1||2

° ¢5+1( ):
(1= J5)®s(x) + 75 (F(xs) + VF(x:) T(x = x5) + §[1x — x[?)

° dyi1(x) < F(x) + (1= F5)°(P1(x) — f(x))
© f(ys) < min®s(x)
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Reduced Variance Technique

@ Problem setting
1 n
inP P == ;
minP () P(w)i= 3w

@ Smooth Assumption

! L /112 NnNT !

bilw) = ¢i(w') = Sllw = wilz = Vi(w') " (w — w')

@ Strongly Convex Assumption

P(w) = P(w') = 2w —w'|3 = VP(W)T (w - w)
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Reduced Variance Technique

Algorithm 2 SVRG Technique

. Input: update frequency m and learning rate
. Initialize: .

: fors=1,2,--- do

[y

2

3

4 w Ws_1

5 =50 V(W)

6: wop = W

7. fort=1,2--- ., mdo

8 Randomly pick iy € 1,--- , n and update weight
9 we = w1 — n(Vepi(We—1) — V(W) + fi)
10:  end for

11: end for

12: Return: x;
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Theorem

Consider SVRG, assume that all v; are convex and satisfy the two

assumption with v > 0. Let w, = argminP(w). Assume that m is
w

sufficiently large so that

1 2Ln

= 1
(1 — 2Lny)m * 1-2Lp <

«

then we have geometric convergence in expectation for SVRG

E[P(ws)] < E[P(wi)] + @®[P(Vin) — P(w)]
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Proof Technique

gi(w) = i(w) — pi(ws) — Vipi(ws) T (w — ws.)

n Y [[Vi(w) = V(w3 < 2L[P(w) — P(ws)]
Vi = V%(WH) V%( ) i
E[|vel13] < 4L[P(we—1) — P(ws) + P(W) — P(w.)]

Ef|lwe — wal[?] < [lwe1 — wa]? = 2n(1 — 2Ln)[P(we—1) —
P(wy)] + 4Ln?[P(W) — P(ws)]

E[||wm — wi|P]|P] + 20(1 — 2Ln)mE[P(s) — P(wy)] <
2(y 1+ 2Lmi?) E[P(W) — P(w.)]
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