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Problem Definition

Problem Definition

min ¢(x) := ;fo(x)W(X) (1)
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Problem Definition

Problem Definition

min ¢(x) := ;Zﬁ(x)er(X) (1)

@ we can obtain a better gradient complexity w.r.t. sample size n and
accuracy € via variance reduced method (Johnson & Zhang, 2013)
(SVRG-type).

@ We name the proposed algorithm Katalyst after Katyusha (Allen-Zhu,
2017) and Catalyst (Lin et al., 2015).
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e {f;} are L-smooth.
@ 1) can be non-smooth but convex.

@ ¢ is u-weakly convex.

(L-smoothness) A function f is Lipschitz smooth with constant L if its
derivatives are Lipschitz continuous with constant L, that is

IVF(x) = VI < Llix —yll, ¥x,y € RY

Definition 2

(Weak convexity) A function ¢ is p-weakly convex, if ¢(x) + 4|x||? is
convex.
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Comparisons with Related Work

Table 1: Comparison of gradient complexities of variance reduction based
algorithms for finding e-stationary point of (1). * marks the result is only valid

when L/ < \/n.

Algorithms H L/ > Q(n) ‘ L/ < O(n) Non-smooth ¢
SAGA (Reddi et al., 2016) O(n*3L/e?) O(n*3L/e?) Yes

RapGrad (Lan & Yang, 2018) O(v/nLp/e?) O((un + v/nLp)/e?) indicator function
SVRG (Reddi et al., 2016) O(n?3L/e?) O(n?3L/e?) Yes

Natashal (Allen-Zhu, 2017) NA O(n?BL2/3u1 3 /)" Yes

RepeatSVRG (Allen-Zhu, 2017) O(n3/*/Tin/e?) | O((un+ n¥/*\/I)/€?)  Yes
4WD-Catalyst (Paquette et al., 2018) | O(nL/e?) O(nL/e?) Yes

SPIDER (Fang et al., 2018) O(v/nL/e2) O(v/nL/e) No

SNVRG (Zhou et al., 2018) O(v/nL/e?) O(fL/eQ) No

Katalyst (this work) O(v/nLi/€) O((pn + L)/€2) Yes

Our bound is proved optimal up to a logarithmic factor by a recent work
(Zhou & Gu, 2019).
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Interpretation - Our Basic Idea

0.6

Step 1
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A Unified Framework

Meta Algorithm
Algorithm 1: Stagewise-SA(wo, {7s}, 1, {ws})

Input : a non-increasing sequence {ws}, xo € dom(v)), v = (2u) 71
1fors=1,...,5do
2 | £() = 6() + |- —xea%
xs = Katyusha(fs, xs—1, Ks, 1, L + 1) // xs is usually an averaged
solution;
4 end
Output: x., 7 is randomly chosen from {0,...,S} according to the

robabilities p; = =L — 7=0,...,5;
P Pr Zf:g Wkt1

w

1 — -1

(x) = - D (A0 + 5l = xeoa?) + T x = xea ]2 + (x)
i=1

fi(x) P(x)
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Algorithm

Algorithm 2: Katyusha(f, xo, K, o, Z)

Initialize: » = %, 1 = min{ /37, %}, n= 37711,_7 0=1+n0, m=
|—Iog(2T1+2/971)-| +1,y0=Co = X0 X0

log 6

1fork=0,....,K—1do

2 | uk= VIR,

3 fort=0,..., m—1do

4 Jj=km+t;

5 X; :71Cj+7'2§k+(177'1 —n)Yj

6 Vi1 = u + Vii(xi41) — VH(EE);

7 G = argming 5 [1C = Gl + (Vj41,¢) + 9 (Q):;
8 yj+1 = argminy 2|y — xj 12 + (Vi1 y) + Q)
9 end

Tkt _ 0 0 Yamein
10 X = EO:J-'":Bl@‘
11 end
Output : XX;
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Theorem 3
Let ws =s% a>0,7v= 5-, L=L+ p, o =, and in each call of Katyusha let
log(Ds
71 = min{ N", 2} step sizen = %Z T =1/2,0=1+n0, and Ks = ’Vn?lgo(g(ﬂ))—"
m= {%J + 1, where Ds = max{4L/p, [3/u3, [2s/u?}. Then we have that

34ulgy(a+1)  98ulAy(a+1)

max{E[|[V ¢ (xr+1)I°], BIL||xr+1 — 2r11]P]} <

S+1 (S +1)ala<’
where z = prox.4(x), T is randomly chosen from {0, ..., S} according to probabilities
pr = ﬁ 7=0,...,S. Furthermore, the total gradient complexity for finding x,4+1 such
that

max(E[|| Ve (xr+1) %], LPE[llxr+1 — zr41]]) < €2

((wwm)log( )%) n> 3L

€) = A
ML o(vmen()2) ek
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log(D) " )

Suppose b = 0. With the same parameter values as in Theorem 3 except that K = ’leog(e)

where D = max(48L /i1, 2[3/u3). The total gradient complexity for finding x,11 such that
E[|[Vo(xr1)I?2] < € is

0<(un+ v/ nul) log (5)%), n> g,
/)€ 4p

N(e) = L\ 1 3L
O(\/nLqug <7)—2), n< —.

/e 4p
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Experiments |

Squared hinge loss + (log-sum penalty (LSP) / transformed ¢ penalty

(TL1)).
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Figure 1. Comparison of different algorithms for two tasks
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Experiments |l

We use Smoothed SCAD given in (Lan & Yang, 2018),

A(x? —i—e)%, if(xz—i-e)% <A,

29\(x% + e)% — (x> +¢€) = \?

2(v—1 ’

Rare(x) = O -1) L
if A< (x®+€)2 <A,

N(y+1)

(— 5 otherwise,

where v > 2, A > 0, and € > 0. Then the problem is

n

: — T, P
xnngrL o(x) == o Z(a X Z R ~.e(xi)

i=1
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Experiments Il.1
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Figure 2: Theoretical performances of RapGrad and Katalyst.

hen Z., et al. (CAINIAO.AI&




Experiments 1.2
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Figure 3: Empirical performances of RapGrad and Katalyst with early termination.
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The End

Chen Z., et al. (CAINIAO.AI& Katalyst



References |

Allen-Zhu, Z. Natasha: Faster non-convex stochastic optimization via
strongly non-convex parameter. In Proceedings of the 34th International
Conference on Machine Learning (ICML), pp. 89-97, 2017.

Allen-Zhu, Z. Katyusha: the first direct acceleration of stochastic gradient
methods. In Proceedings of the 49th Annual ACM SIGACT Symposium
on Theory of Computing (STOC), pp. 1200-1205, 2017.

Fang, C., Li, C. J., Lin, Z., and Zhang, T. SPIDER: near-optimal
non-convex optimization via stochastic path-integrated differential
estimator. In NeurlPS, pp. 687-697, 2018.

Johnson, R. and Zhang, T. Accelerating stochastic gradient descent using
predictive variance reduction. In NIPS, pp. 315-323, 2013.

Lan, G. and Yang, Y. Accelerated stochastic algorithms for nonconvex
finite-sum and multi-block optimization. CoRR, abs/1805.05411, 2018.

Chen Z., et al. (CAINIAO.AI&USTC&Ulowa) Katalyst 2019-06-10 19 /20



References Il

Lin, H., Mairal, J., and Harchaoui, Z. A universal catalyst for first-order

optimization. In Advances in Neural Information Processing Systems,
pp. 3384-3392, 2015.

Paquette, C., Lin, H., Drusvyatskiy, D., Mairal, J., and Harchaoui, Z.
Catalyst for gradient-based nonconvex optimization. In Proceedings of
the Twenty-First International Conference on Artificial Intelligence and
Statistics, volume 84, pp. 613-622, 2018.

Reddi, S. J., Sra, S., Péczos, B., and Smola, A. J. Proximal stochastic
methods for nonsmooth nonconvex finite-sum optimization. In Advances
in Neural Information Processing Systems, pp. 1145-1153, 2016.

Zhou, D. and Gu, Q. Lower bounds for smooth nonconvex finite-sum
optimization. arXiv preprint arXiv:1901.11224, 2019.

Zhou, D., Xu, P., and Gu, Q. Stochastic nested variance reduced gradient
descent for nonconvex optimization. In NeurlPS, pp. 3925-3936, 2018.

Chen Z., et al. (CAINIAO.AI&USTC&Ulowa) Katalyst

2019-06-10 20/20



	Introduction
	Katalyst Algorithm and Theoretical Guarantee
	Experiments
	References

